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Preface 
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Professor Jørn Smedsgaard, Dr Henrik Frandsen and Senior Advisor Arvid Fromberg. 

During these three years an external research stay at the Institute for Global Food Security at the 

Quee s U i e sit  Belfast (QUB) was included from 2nd January 2018 until 30th June 2018. The work 

conducted at QUB was carried out under supervision of Professor Christopher T. Elliott and 

Dr Simon A. Haughey. 

This project was funded internally by the Technical University of Denmark and the Danish 

Veterinary and Food Administration. The sta  at the Quee s U i e sit  Belfast as o eo e  

supported by Otto Mønsted Fonds.  
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Summary 

The food label is providing information about the food s o te t a d o igi . Consumers rely on the 

trustworthiness of a given label, since the possibility to evaluate a product based on visual 

examination is often limited. Their buying decisions are therefore often influenced by the 

information and advertisement given on the food packaging. When a label is intentionally used to 

give the consumer an -apparently better- but misleading description of the food product, it is often 

do e fo  e o o i al gai . These ases of food f aud a e alled e o o i all  oti ated 

adulte atio . The EU egulatio  No. 1169/2011 provides the basis for a high level of consumer 

protection with respect to food information. Here, Art.7 clearly states that food information shall 

not be misleading. Beyond the consumer interest, food fraud is also a major issue in the trade chain 

from business to business: Fraud leads to an unfair competition and it furthermore includes a high 

risk for brand reputation. Analytical methods constitute an essential part of the strategies to fight 

food fraud. Suitable analytical methods must be applied to reveal food fraud and also to proof the 

authenticity of food products along complex supply chains. In this thesis, three different 

commodities, namely vanilla, black pepper and bergamot oil were investigated with respect to 

authentication by targeted as well as non-targeted analysis. 

Vanilla is one of the most popular flavours in the world. It is highly vulnerable to economically 

motivated adulteration as the main component vanillin can be derived by much cheaper production 

methods than by the extraction from vanilla pods. For an authentication testing of vanilla flavour, it 

is important to distinguish three categories: vanillin from vanilla pods, synthetic vanillin and natural 

biosynthetic vanillin also called biovanillin.  

Vanilla flavour can be sold in different variations, as vanilla pods, vanilla powder, vanilla extracts, 

pure vanillin or incorporated in composite food products. Each of these variations has different 

requirements and opportunities regarding the possible authentication testing of vanillin. This thesis 

provides an overview about different authentication testing methods of vanillin and their 

respective potential and limitations. One very often used indicator for the authenticity of vanillin is 

the analysis of the carbon isotope ratio of the vanillin molecule. The carbon isotope ratio values for 

synthetic or biosynthetic vanillin derived from petroleum and C3 plants can be distinguished from 

carbon isotope ratios range for vanillin from vanilla pods. In manuscript 1, an easy sample 

preparation procedure to determine the carbon isotope ratio of vanillin in complex food products 

by headspace solid-phase micro extraction and gas chromatography coupled to isotope ratio mass 

spectrometry is presented. The method was applied to 23 commercial food samples including 

vanilla sugar, dairy, and soy products, and some of these (22%) were highly suspicious to be fraud.  
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However, the carbon isotope ratio value of the vanillin has some restriction as authentication 

parameter. In the last couple of years new biosynthetic pathways have been invented, which can 

produce biovanillin with a carbon isotopic ratio typical for vanillin from vanilla pods. The production 

of biosynthetic vanillin from glucose by yeast is the latest development. In manuscript 2, we 

present an isotopic characterisation of vanillin ex glucose by GC-IRMS. This is the first time a 13C 

value for biovanillin is reported that is higher compared to vanillin from vanilla pods. The possibility 

to simulate the 13C range of vanillin from vanilla pods by combining vanillin derived from 

inexpensive sources constitutes an increased risk for fraud being perpetrated while remaining 

unnoticed. This study therefore also demonstrates that authentication strategies need to be 

dynamic and continuously adjusted to new market situations. 

Black pepper, the second commodity investigated in this thesis, is the most widely used spice in the 

world. Spices are highly vulnerable to economically motivated adulteration as they are high value 

products and traded along complex supply chains. The main fraud opportunity is to add cheaper 

bulking materials. Near and Fourier-Transform Infrared Spectroscopy has been combined with 

chemometrics to screen for the substitution of black pepper with papaya seeds, chili and with non-

functional black pepper material such as black pepper husk, pinheads and defatted spent 

materials. This study, presented in manuscript 3, shows the huge potential for a fast and rapid 

screening method that can be used to both prove the authenticity of black pepper and detect 

adulterants. 

Finally, an authentication testing of bergamot oil by targeted analysis was conducted. Authentic 

and commercial bergamot oil samples have been analysed by chiral GC-MS analysis. The presence 

of synthetic compounds known to be used for adulteration of bergamot oil was checked in 

commercial bergamot oil samples. Based on this analysis, a high percentage (54%) of the 

commercial bergamot oil samples that were bought online were suspicious to be adulterated. 

Additionally, the GC-MS dataset was decomposed by parallel factor analysis 2 (PARAFAC2) and a 

first data evaluation approach using non-targeted analysis is presented. 

There is no magic solution for authenticity testing, but powerful detection tools are available. It will 

be a continuous task to find the methods that are suitable for an effective control along the food 

supply chains. Even though it is an unrealistic aim to detect every single adulterated product, 

analytical detection methods can very efficiently contribute to a general deterrence strategy that 

puts every fraudster on a significant risk of being apprehended. With the same strategy, seriously 

operating companies can be protected from brand risk and unfair competition. 
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Dansk Resumé 

En varedeklaration giver information om en fødevares indhold og oprindelse. Forbrugeren er 

afhængig af troværdigheden af varedeklarationen da det ikke er muligt at bestemme indhold eller 

oprindelse ved en visuel inspektion. En beslutning om at købe et produkt er ofte påvirket af 

information og reklame på emballagen. Hvis en deklaration med fuldt overlæg bruges til at give 

kunden en vildledende beskrivelse af produktet er det som regel for at opnå en økonomisk fordel. 

“åda e tilfælde af s d kaldes øko o isk oti e et s d . EU egule i ge  No. /  gi e  

grundlaget for en høj grad af forbruger beskyttelse i forhold til mærkning af fødevarer, idet art 7 

klart specificerer at informationen om fødevaren ikke må være vildledende. Snyd kan også være et 

problem i handelskæden mellem forskellige firmaer: snyd fører til unfair konkurrence og risiko for 

at et varemærke kommer i miskredit. Analytiske metoder er en vigtig part i strategien for at 

bekæmpe fødevare snyd. Passende analytiske metoder må tages i anvendelse for at afsløre 

fødevare snyd og også til at bevise autenticiteten af produkter i en kompliceret handelskæde. I 

denne afhandling er 3 varer, vanilje, sort peber og bergamot olie undersøgt med henblik på 

este else af aute ti itet ed ta geted  og o -ta geted  a al se. 

Vanilje er en af de mest populære aromaer i verden og den er i høj grad følsom for økonomisk 

motiveret snyd da hovedkomponenten, vanillin, kan fremskaffes med meget billigere produktions 

metoder end ved ekstraktion fra vanilje bønner. Til autenticitets bestemmelse af vanilje aroma er 

det vigtigt at skelne mellem 3 kategorier af aromaer: vanillin fra vanilje bønner, syntetisk vanillin og 

naturlig bio-syntetisk vanillin også kaldet biovanillin. 

Vanilje aroma kan sælges i forskellige varianter, som vanilje bønner, vanilje pulver, vanilje ekstrakt, 

ren vanillin og som inkorporeret i komplekse fødevarer. For hver af disse variationer er der 

forskellige krav og muligheder for hvordan det kan lade sig gøre at bestemme autenticiteten af 

vanillin. Denne afhandling giver et overblik over forskellige metoder til at bestemme autenticiteten 

af vanillin og deres respektive potentialer og begrænsninger. En ofte anvendt metode til at 

bestemme autenticiteten af vanillin er analyse af kulstof isotopforholdet af vanillin molekylet. 

Kulstof isotopforholdet for syntetisk eller bio-syntetisk vanillin lavet ud fra petroleum eller C3 

planter er forskelligt fra isotopforholdet fir vanillin fra vanilje bønner. I manuskript 1 præsenteres 

en nem prøve forberedelses metode til at bestemme kulstof isotopforholdet i vanillin i komplekse 

føde a e  ed hjælp af head spa e solid-phase micro extraction  og gas h o atog aph  ko let 

til isotop forholds massespektrometri. Metoden blev anvendt på 23 kommercielle fødevarer så som 

vanilje sukker, mælkeprodukter, soja produkter og nogle af disse (22%) under mistanke for at være 

snyd. 
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Kulstof isotopforholdet af vanillin har dog visse begrænsninger som mål for autenticitet. I de senere 

år er der opfundet nye bio-syntetiske metoder til at producere biovanillin med et kulstof 

isotopforhold som svarer til forholdet i vanillin fra vanilje bønner. Produktion af biovanillin fra 

glukose ved hjælp af gær er den seneste udvikling. I manuskript 2 præsenteres en isotopforholds 

karakterisering ved hjælp af GC-IRMS af vanillin produceret ud fra glukose. Dette er første gang at 

en 13C værdi for biovanillin som er højere end værdien i vanillin fra vanilje bønner beskrives. Den 

mulighed som det giver for at opnå en 13C værdi for vanillin som svarer til værdien for vanillin fra 

vanilje bønner ved at blande billigere råvarer øger risikoen for snyd samtidigt med at det forbliver 

u-opdaget. Dette studie viser at udvikling af metoder til undersøgelse af autenticitet er en dynamisk 

proces som hele tiden må justeres i forhold til markedet. 

Sort peber, det andet krydderi undersøgt i denne afhandling, er det mest anvendte krydderi i 

verden. Krydderier er meget sårbare for økonomisk motiveret snyd da de er høj værdi produkter og 

handles af komplicerede handels veje. Tilsætning af billigere fyldstoffer er den nemmeste mulighed 

for snyd. Nær og Fourier-Transform infrarød spektroskopi er blevet kombineret med kemomertri til 

at undersøge for substitution af sort peber med papaya frø, chili og med ikke aroma givende sort 

peber materiale som kapsler, stilke og ekstraheret sort peber. Dette studie præsenterer i 

manuskript 3 det store potentiale for at lave en metode der både kan bevise autenticitet af sort 

peber og detektere snyd. 

Til slut præsenteres en metode til undersøgelse af autenticiteten af bergamot olie.. Autentiske og 

kommercielle prøver af bergamot olie er blevet analyseret med kiral GC-MS analyse. Først blev der 

undersøgt for tilstedeværelse af kemiske forbindelser som tidligere var vist at blive brugt til 

forfalskning af kommercielle bergamot olier. En høj procentdel på 54% af de olier som var indkøbt 

online var under mistanke for at være snyd. GC-MS dataene blev desuden dekomponeret ved en 

pa allel fakto  a al se  PA‘AFAC  og e  fø ste data e alue i g ed a e delse af e  o -target 

analyse er præsenteret. Der findes ikke en mirakel løsning til at undersøge for autenticitet men der 

findes effektive metoder til at detektere det. Det er en vedvarende opgave at finde nye metoder til 

at sikre en effektiv kontrol i hele fødevare forsynings kæden. Selv om det er urealistisk at forvente 

alle tilfælde af fødevaresnyd vil blive afsløret er der så effektive metoder til at afsløre snyd at det vil 

virke afskrækkende på potentielle snydere og øge chancen for at de bliver afsløret. Dette vil også 

medvirke til at sikre varemærket for seriøse producenter og beskytte mod unfair konkurrence. 
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1 Introduction 

1.1 Food authenticity and food fraud 

Today, most people living in developed countries get their food provided by grocery shops, canteens, 

restaurants etc., whereas very few people grow and process all of their food by their own. The huge 

productivity increase in food production during the last century has given a decoupling of food production 

and consumption. For instance, only 2.53 % of the Danish population was employed in agriculture in 2018 

(The World Bank, 2018). While p odu tio  a d p o essi g of food do ot pla  a ig ole i  ost people s 

life, very ofte  o l  a  a st a t idea a out the food s o igi  is e ai i g. Mo eo e , food is a ig glo al 

business which means that it is traded around the globe and often not consumed at the place where it was 

grown. In 2016, the European Union (EU) imported 93 million tonnes of food from outside the EU, worth a 

total of €  illio , hile  illio  to es of food e e e po ted, o th €  illio . Both t adi g 

directions are showing an increasing trend (European Comission, 2017). These developments offer a 

convenient opportunity for the consumer to choose from a rich global selection of different food products 

all year round. However, along with these trends consumer demand to know where their food comes from 

and how it was produced, as they wish to make healthy, environmentally friendly and ethical choices when 

u i g food. Ve  ofte  att i utes like authe ti , atu al  o  ho e ade  a e used to ad e tise food 

p odu ts a d ta get o su e s desires. If food is not bought at a local market or directly from a farm shop, 

it is nearly impossible to be in contact with those that were involved in the production of the food product. 

Hence, the only indication to orientate on for information about the food s o te t a d o igi  is the la el 

on the product. The EU regulation No. 1169/2011 provides the basic regulation for the assurance of a high 

level of consumer protection in relation to food information. Here, in Art.7 it is clearly stated that food 

information shall not be misleading (The European Parliament and the Council of the European Union, 

2011). However, food fraud is not only a problem to the end consumer it is also a major issue in the trade 

chain from business to business: Fraud leads to an unfair competition and it furthermore includes a high 

risk for brand reputation, which can have massive long-term economic consequences for an affected 

o pa  o  e e  ou t . To put it i  the o ds of Be ja i  F a kli  It takes many good deeds to build a 

good reputation and only one bad one to lose it  (Kannings, 2014). Therefore, also seriously operating 

companies have a high interest in the use and control of authentic products. 

It belongs to the general objectives of food law stated in the EU regulation No. 178/2002, that next to a 

high level of protection of human life and health, food law shall pu sue o su e s i te ests, i ludi g fai  

practices in food trade (European Parliament and Council, 2002). However, there is no harmonised 
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defi itio  fo  food f aud , ut it is oadl  a epted that food f aud o e s ases he e the e is a iolatio  

of EU food law, which is committed intentionally to pursue an economic or financial gain through consumer 

deception (European Commission, 2017).  

The horsemeat scandal in 2013 drew attention to the issue of food fraud in the European Union. In this 

case beef meat was substituted for horse in some processed meat products like ready to eat lasagne. 

Follo i g the s a dal, it as uestio ed hethe  the EU s legislati e f a e o k a d the a e  i  hi h it 

has been implemented across Member States is sufficiently efficient to avoid economically motivated food 

fraud in the future (Jack, 2018). Food fraud is not a contemporary phenomenon and the horsemeat scandal 

is by far not the only food fraud case in the last couple of years. However the extent of this incident 

indicated that there is a need for action to reconsider the applied strategy to avoid the occurrence of food 

fraud. Vulnerability assessments of food classes have been conducted and strategies are suggested for an 

efficient prevention of food fraud (van Ruth, Huisman, & Luning, 2017; Spink, Fortin, Moyer, Miao, & Wu, 

2016). These strategies also include the application of tracking and tracing technologies. Barcodes or 2D 

quick response (QR) codes can be tacked on the product and contain more information about the origin of 

a food product (Creydt & Fischer, 2018). Radio frequency identification (RFID) systems can track food 

products over a distance of up to 100 m, a microchip (transponder) is mounted on the product, and can for 

instance be helpful to monitor the cold chain of a product within a company by coupling it to a temperature 

sensor (Azuara, Salazar, Tornos, & Joan J, 2010). Another approach is the direct labelling of food which 

would allow an authentication independently of the information on the packaging. This direct labelling 

could be for example the addition of sugar to dry food onto which a special code has been applied or of 

nanoparticles carrying a characteristic DNA to liquid food products. However, these techniques might be 

halle ged  the o su e s a epta e to a ds the additio s di e t to the food (Creydt & Fischer, 2018). 

The technology blockchain has become increasingly relevant in recent years and the technology might also 

in the context of food traceability have the potential to be used for a transparent data storage system. This 

technology is based on several data blocks, in which the transaction and associated data are stored 

separately. After individual blocks are closed, they are stored unchangeable. The blockchain technology can 

therefore provide an unalterable system which is resistant to data manipulations afterwards. However, 

there are still some technical hurdles to be overcome and the provision of data privacy must be ensured 

(Galvez, Mejuto, & Simal-Gandara, 2018; (Creydt & Fischer, 2018). And obviously, the blockchain 

technology cannot protect against fraud attempts which have been initiated before the data were entered 

to the system.  
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Complementary to tracking and tracing technologies, analytical methods constitute an essential part of the 

strategies to fight food fraud. Suitable analytical methods must be applied to reveal food fraud and also to 

prove the authenticity of food products along complex supply chains. The application of analytical methods 

places potential fraudsters at significant risk of being apprehended, which should provide an effective 

deterrent against fraud. In turn, it can also provide protection for fair traders and business operators, when 

compliance with a well-defined specification is confirmed by analytical parameters.  

In this thesis, three different commodities, namely vanilla (Chapter 2), black pepper (Chapter 3) and 

bergamot oil (Chapter 4) are investigated with respect to authentication by targeted as well as non-

targeted analysis. It is obvious, that there cannot be only one consistent strategy be applied to fight all type 

of fraud in all food products. Due to different matrices and different opportunities to perpetrate fraud, it is 

required to develop adjusted authentication strategies for individual food products. The applied techniques 

include gas chromatography coupled to isotopic ratio mass spectrometry (GC-IRMS) for the authentication 

of vanilla flavour, vibrational spectroscopic techniques (Fourier transform infrared spectroscopy (FT-IR) and 

near infrared spectroscopy (NIR)) for the investigation of black pepper powder and finally chiral gas 

chromatography coupled to mass spectrometry (GC-MS) for the analysis of bergamot oil. 

1.2 The o ple it  ehi d the ter  authe ti it   

Analytical methods are essential to distinguish an adulterated product from an authentic product. 

However, before one can control the compliance of a product to its specification, it is required that the 

specification is properly and clearly defined so that an authenticity thresholds can be determined. The 

horsemeat scandal in 2013 is an obvious case of fraud since horsemeat is not beef. In more complex 

situations, however, fraud do not only include cases of partly or full replacement of an ingredient in a 

product, but also the addition of less valuable products (bulking material), the removal of the valuable parts 

of a product (e.g. extraction of vanillin from vanilla pods then sell the pods as vanilla), stating the wrong 

geographical or botanical origin of a product and also the deviation from declared manufacturing methods. 

The opportunities to perpetrate food fraud can be very versatile and therefore clear definitions of the 

specifications that describe an authentic product are required. On the other hand, descriptions have to take 

into account that food products are subject to natural fluctuations which in turn have to be delimited from 

true fraud cases. Moreover, people may not have the same understanding about food-describing terms 

which can lead to a situation where consumers feel deceived. 

As mentioned in the chapter above, food information shall not be misleading (The European Parliament 

and the Council of the European Union, 2011). However, for specific food products unambiguous 

specifications remain undefined in the EU regulations. Food authorities and business operators often rely 
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on standards given by international law, governmental, inter- governmental and non-governmental 

organisations to orientate on and evaluate on whethe  a p odu t is authe ti  Figure 1.1. 

 

Figure 1.1: Specifications for authentic products are set down in international law, national law and can also be found in the 

standards of governmental and non-governmental organizations 

The Code  Ali e ta ius o  Food Code  is a olle tio  of food sta da ds, guideli es a d codes of practice 

adopted by the Codex Alimentarius Commission. This commission was established by the FAO (Food and 

Agriculture Organization of the United Nations) and the WHO (World Health Organization) to protect 

consumer health and promote fair practice in international food trade. The Codex Alimentarius Commission 

has 189 Codex Members made up of 188 Member Countries and one Member Organization (The European 

Union). A national government or subsidiary committee of the Commission usually comes forward with a 

proposal for a standard and the Commission reviews whether the standard should be developed. To 

elaborate a standard, a draft is circulated to member governments, observer organizations and other Codex 

committees for two rounds of comments and special advice. In total, standards can take several years to be 

developed (Codex Alimentarius, 2019). For black pepper, one of the commodities investigated in this thesis 

(Chapter 3), a Codex Alimentarius Standard was developed in combination with recommended methods of 

analysis and sampling (Codex alimetarius, 2017; Codex alimetarius, 2008).  
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For vanilla flavour or bergamot oil (Chapter 2 and 4) no Codex Alimentarius Standards have been developed 

so far. However, for bergamot oil the International Organization for Standardization (ISO) developed the 

standard [ISO 3520:1998 Oil of bergamot [Citrus aurantium L. subsp. Bergamia]. While the Codex 

Alimentarius is an inter-governmental organization, used to assist governments in their statutory and 

regulatory work, ISO is a non-governmental organization that develops standards that are driven by 

marketplace needs. Compliance with ISO standards is mandatory to the extent of fulfilment of certification 

requirements and is beyond meeting the legal requirements (Codex Alimentarius, 2019).  

For vanilla flavour neither a Codex standard nor an ISO standard exists. The EU regulation No. 1334/2008 

lays down rules on flavourings and food ingredients with flavouring properties for use in and on foods. 

However, questions in relation on the use of various claims, illustrations and sales claims remain open. For 

example, there is no regulation allowing that clearly state when or when not to advertise an ice cream with 

a picture of a vanilla pod, when only biosynthetic vanillin was used for flavouring the product. To fill this 

gap of standardisation on international level, the German chemical society published a position paper that 

provides a national wide guideline for labelling relevant issues at dairy products that contain vanilla flavour 

(German chemical Society, 2011).  

The EU develops its own food legislation being supported by the scientific advice of the European Food 

Safety Authority (EFSA). Around the world, there are several other food regulatory organizations interacting 

with each other. In the USA the regulatory frameworks is regulated by the Food and Drug Administration 

(FDA) and the US Department of Agriculture (USDA). Australia and New Zealand share a common food 

regulation authority, the Food Standard Australia New Zealand (FSANZ). Other examples are the China Food 

and Drug Administration (CFDA), the Food Safety and Standards Authority of India (FSSAI) and the Canadian 

Food Inspection Agency (Medina, Perestrelo, Silva, Pereira, & Câmara, 2019). 

It is a long lasting procedure to develop international food codes therefore they do not exist for all 

commodities yet. Also, new food products keep being developed others changes and some disappear. 

Hence, it is very difficult to keep up with all products on the market. Some countries have national food 

code guidelines to assess whether products are in compliance with the respective food law. An example is 

the Code  Ali e ta ius Aust ia us  that is a olle tio  of sta da ds a d p odu t des iptio s fo  a a iet  

of food i  Aust ia. It as poi ti g the a  fo  the Code  Ali e ta ius  e tio ed a o e a d also fo  the 

Ge a  food ode . The Ge a  food ode o ission consists of four groups representing different 

ie s: o su e  ep ese tati es , food su eilla e , food i dust  a d food s ie e . Thei  issio  

is to define generally accepted standards for specific food products. Today, the code describes the 

character/specification of more than 2000 food commodities. One example is the definition of a product 



  

6 
 

des i ed as u  ith aisi s , this has to o tai   kg aisi s i   kg e eal p odu ts (German food 

code comission, 2005). However, the guidelines in the German food code book are no legal regulations, but 

have the character of an expert opinion. This means, that if a bun contains less than 15% raisins, it can be 

o side ed as a iolatio  of A t.  i  the EU egulatio  /  a d u  ith aisi  as a isleadi g 

product description. In the past, the German food book commission has been sharply criticized for some of 

thei  de isio s as ei g too i dust  f ie dl . O e e a ple fo  this as a lo al e hole eal ead 

desig ated as ha  ead  hi h does ot o tai  a  ha  (German food code comission, 2005). While a 

non-go e e tal o su e  p ote tio  o ga isatio  o side s this as legal o su e  f aud , the de isio  

in favour of the label has been defended with the argument that this regionally developed rye bread was 

traditionally consumed in combination with ham. Similarly, consumers cannot expect farmers to appear in 

a ead alled fa e s ead  (Harmsen, 2010). This discussion illustrates how challenging and conflictual 

the setting of standards can be even within one country. On the one hand, regional diversity should be 

protected, while on the other hand, a harmonisation of standards can simplify the free movement of food 

products in the market.  

1.3 How can analytical chemistry contribute to a system that builds trust? 

1.3.1 Analytical toolbox to detect food fraud 

With an increasing awareness about authenticity issues of food products, new and increasingly 

sophisticated techniques for the authentication of food products continue to be developed (Reid, 

O Do ell, & Do e , . Several reviews that give an overview about the techniques applied to 

characterize the chemical or biological identity of food commodities have been published. Chemical 

techniques applied in authentication studies include spectroscopic methods such as fluorescence, nuclear 

magnetic resonance (NMR), near infrared (NIR), Raman, ultraviolet (UV), Raman and Fourier transform 

infrared (FT-IR) spectroscopy and hyperspectral imaging. Chromatographic and hyphenated techniques are 

used and often coupled to mass spectrometry. They include capillary electrophoresis (CE), gas 

chromatography (GC), two dimensional GC, liquid chromatography (LC), two dimensional LC, high 

performance liquid chromatography (HPLC) and ultrahigh performance liquid chromatography (UHPLC). 

Part of the mass spectrometric family are the more traditional triple quadrupole mass spectrometer (QqQ-

MS), isotope ratio mass spectrometry (IRMS), inductively coupled plasma mass spectrometry (ICP-MS) and 

proton transfer reaction-mass spectrometry (PTR-MS). Direct Analysis by Real Time (DART) mass 

spectrometry and high-resolution mass spectrometry methods like time-of flight (TOF) and orbitrap are 

often applied. In addition, electronic sensors such as e-tongue, e-nose and e-eye are used.  
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Information about the biological identity of a food product is efficiently provided by Deoxyribonucleic acid 

(DNA) based technologies such as polymerase chain reaction (PCR) and immunological technologies such as 

enzyme-linked immunosorbent assay (ELISA). Protein-based analysis can be done by molecular biological 

techniques like e.g. immunoassays, but also mass spectrometry like matrix-assisted laser 

desorption/ionization MALDI-MS. Figure 1.2 is giving an overview for the analytical toolbox used for food 

authentication (Reinholds, Bartkevics, Silvis, van Ruth, & Esslinger, 2015; Creydt & Fischer, 2018; Ellis et al., 

2012; Castro-Puyana & Herrero, 2013; Esteki, Shahsavari, & Simal-Gandara, 2018; Danezis, Tsagkaris, 

Camin, Brusic, & Georgiou, 2016).  

 

Figure 1.2: Analytical toolbox for authentication and characterisation of the biological or chemical identity of a food product. 

The list of mentioned analytical techniques includes those often mentioned in the literature. However, due 

to the numerous varieties of different techniques, the list is not exhaustive.  

1.3.2 Factors influencing the quality and frequency of authentication control 

Several factors influence the quality and frequency of authentication controls of a food product. The 

perfect method is easily available (ideally a handheld device), robust, cheap, can analyse very quickly, is 

sensitive and can detect all possible adulterants in a food product. However, since these are very high 

demands, such a device has not yet seen the light of day. Therefore, authentication control can rarely be 

done by a single method. To provide sufficient quality in authentication control, a comprehensive strategy 
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incorporating several techniques is often required. A factor usually determining the frequency of 

authentication control is the vulnerability of the commodity to food fraud. It can for instance be evaluated 

along the supply chain with a self-assessment tool provided by the non-profit membership organization 

SSAFE (van Ruth et al., 2017). In general, a high economical gain, a low risk of detection and an opportunity 

to perpetrate fraud are driving forces for criminal activities. For consequence the financial value of a 

product should also be considered. Vanilla belongs to the most expensive spices in the world (up to 500 

USD/kg) and only about 2285 tons per year are produced (Gelski, 2017; EUROVANILLE, 2018). Hence, it 

makes sense to analyse such a high value product with a quite cost-intensive analytical technique like IRMS 

or NMR. In contrast, black pepper has a much lower price (4.3 USD/kg) and is with 430.000 tons per year 

the most traded spice in the world (Tridge, 2019; CBI, 2016). To allow an adequate number of analytical 

controls, expensive methods such as IRMS or NMR are not appropriate in routine analysis. Instead cheaper 

methods like vibrational spectroscopic techniques are much more relevant for authentication control of 

black pepper. The analytical toolbox will need to be continuously extended and updated to ensure that 

suitable, robust and efficient techniques are available and integrated into food fraud prevention strategies. 

Figure 1.3 summarizes the factors that influence the frequency and quality of the authentication control of 

food products.  

 

Figure 1.3: Factors that influence the frequency and quality of authentication control. 
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1.4 Food characterization techniques 

The definition of specifications can be a complex task (s. Chapter 1.2). However, analytical chemistry can 

substantially contribute to detect a deviation due to the difference between an adulterated and an 

authentic product. Even though the underlying principle of detecting a deviation is quite simple, there are 

practical challenges to consider. First, one or several appropriate analytical techniques must be selected to 

enable an efficient characterization of authentic products as well as the detection of adulterated products. 

Secondly, the chemical or biological characteristics of an authentic product have to be defined. For this, the 

natural fluctuation of authentic products must be recorded by analysing a representative sample set. From 

representative reference sets (databases) appropriate thresholds for grouping samples as authentic or 

deviating must be derived. 

Different approaches are suitable for the authentication and characterization of food products (Figure 1.4). 

As a classical authenticity assessment the targeted analysis usually focuses on the analysis of specific 

marker compounds, which are indicative for a certain property of the product (Esslinger, Riedl, & Fauhl-

Hassek, 2014), e.g. the piperine content in black pepper. On the other hand, also marker compounds that 

are typical for a specific kind of fraud can be selected. The individual marker compounds, whether they are 

used for the confirmation of the authenticity or detection of fraud, are known in beforehand and the data 

are evaluated by univariate data analysis.  

A othe  app oa h, food p ofili g , also takes the elatio  of o pou ds to ea h othe  u de  i estigatio . 

Here, a group of metabolic products or a class of compounds is analysed (multi component analysis) and 

identified, if not known beforehand. The obtained data can then optionally be investigated by multivariate 

data analysis. One example for food profiling was reported by Bajoub et al. (2016) where phenolic 

compounds of extra virgin olive oils from Moroccan was analysed by high performance liquid 

chromatography coupled to mass spectrometry. After identification and quantification of the phenolic 

compounds, principal components analysis (PCA) and linear discriminant analysis (LDA) were applied to test 

whether specific patterns of the phenolic compounds could differentiate the origin of the oils (Bajoub, Ajal, 

Fernández-Gutiérrez, & Carrasco-Pancorbo, 2016). For the evaluation of a food profiling dataset a database 

for the identification of the compounds as well as for the sample data is needed. The advantage of 

targeted-analysis is its high sensitivity and selectivity as it only focusses on one compound or a few of them. 

As targeting of compounds known before provides an advantage, it is at the same time also a disadvantage 

as the remaining information contained in the food matrix is neglected. A othe  st ateg  is the food 

fi ge p i ti g  hi h has ot the i te tio  to ide tif  the o pou ds, ut athe  o pa e patte s of all 

components accessible in the analysis. The chemical profile of a food product, consisting of various 
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elements, isotopes and molecules – is comparable with the uniqueness of a human fingerprint, as it 

unambiguously defines the product (Creydt & Fischer, 2018). Food fingerprinting has the advantage that 

also unexpected additives and deviations can be detected, which is specifically helpful to reveal food fraud 

cases, as no one can reliably predict what fraudster will add next to the food products to obtain some 

fi a ial gai . The food fi ge p i ti g  a d food p ofili g  a  e o side ed as part of the so called 

foodo i s  te h i ues (Antignac et al., 2011; Esslinger et al., 2014). Cifuentes had defined the term 

foodo i s  uite ge e all  as a dis ipli e that studies the food a d ut itio  do ai s through the 

application of omics technologies (Cifuentes, 2009). 

 

Figure 1.4: Overview of food characterization techniques used for authentication purposes 

In a comprehensive strategy to determine authenticity, it can be useful to combine two or more of the food 

characterization approaches. For example, a non-targeted fingerprinting approach based on Fourier-

Transform Infrared spectroscopy (FT-IR) and a food profiling approach using liquid chromatography high 

resolution mass spectrometry (LC-HRMS) was successful to detect foreign or unrelated herbs in oregano 

samples. In the first step the compliance of an oregano sample was compared with the reference database 

of authentic oregano samples by FT-IR, and in the second step food profiling discovered commonly used 

adulterants by biomarker identification. Both methods were combined with multivariate data analysis and 

found to be complementary (Black, Haughey, Chevallier, Galvin-King, & Elliott, 2016). 
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1.5 Non-targeted food Fingerprinting 

1.5.1 Procedure of non-targeted food analysis 

The procedure of food fingerprinting techniques is illustrated in Figure 1.5, modified from (Esslinger et al., 

2014) and (McGrath et al., 2018). First, a research hypothesis must be established which includes the type 

of samples and the analytical techniques used for the analysis, very often spectroscopic and spectrometric 

techniques are applied. The second step is the sampling of a representative sample set, which might be in 

practice one of the most challenging tasks in the whole procedure (see below, Chapter 1.5.4). Then, the 

samples need to be prepared to acquire a representative chemical fingerprint. The data pre-processing is 

often a required step to extract the systematic variations in the sample set. In some studies, a subsequent 

determination of key compounds might lead to a better understanding of the sample matrix. To what 

extent the identification of the compounds is possible depends on the applied analytical technique and the 

availability of databases.  

 

Figure 1.5: The procedure of non-targeted food analysis, adapted from (Esslinger et al., 2014) and (McGrath et al., 2018)  

1.5.2 Multivariate data analysis of food fingerprinting data sets 

With the acquisition of chemical fingerprints multivariate datasets are created and a multivariate pattern-

recognition approach is usually required to obtain the information of interest. Pattern-recognition methods 

can be applied for different purposes such as data exploration or the development of predictive models. 
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The output of these models can be qualitative or quantitative in nature, depending on the particular 

purpose (P Oliveri & Simonetti, 2016). For data exploration unsupervised methods are applied assuming no 

preliminary information about the samples. In contrast, predictive models are supervised methods that are 

generated based on preliminary information about the samples. Many different algorithms can be applied 

to multivariate data sets of which the most important ones are summarized in Figure 1.6.  

Usually, the key interest in the food authentication context is to confirm or reject the compliance of a given 

food product with its specification. Correspondingly, classification models which are of qualitative nature 

are often applied and used to predict the belonging of a new sample to a specific group (Creydt & Fischer, 

2018). Analogously, regression models are of quantitative nature and used for the prediction of a 

continuous feature, for example the concentration level of an adulterant. Unsupervised methods can be 

used for the findings of affiliations and classifications groups (Creydt & Fischer, 2018). 

 

Figure 1.6: Commonly used multivariate analysis methods (modified from (Creydt & Fischer, 2018) and (Paolo Oliveri & Downey, 

2012)) 
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Classifi atio  app oa hes a  e sepa ated i  t o lasses, o e is alled lass odelli g  a d the othe  

dis i i a t a al sis , also k o  as t o-class or multiclass classifier (Paolo Oliveri & Downey, 2012). 

Class modelling approaches models each class separately. So the acceptance space for each group is 

exclusively determined by statistics inherent to this group and no information from the out-of-specification 

samples is used to determine the acceptance boundaries (Paolo Oliveri & Downey, 2012). This approach is 

also efe ed as soft odelli g  (Callao & Ruisánchez, 2018). Here, it is possible that two independently 

modelled class spaces are overlapping and producing a region in which samples are recognized as 

compatible with more than one class. On the other hand a portion of the global domain may not be 

covered by any class space leading to the consequence that some samples are not recognized by any of the 

defined classes. In contrast to the class modelling approach, discriminant analysis methods look for a 

delimiter between two- or more-classes. This delimiter defines a decision rule, on the basis of which a new 

sa ple is al a s assig ed to o e of the lasses studied. Thus, this app oa h is also efe ed as ha d 

odelli g . The main difference between these two classification approaches is the determination of the 

discriminant delimiter. In the context of food authentication very often a binary output is needed, with the 

t o optio s the e  sa ple elo gs to the lass of o plia t sa ples  o  the e  sa ple does ot 

elo g to the lass of o plia t sa ples . The ajo  halle ge i  the appli atio  of food fi ge p i ti g 

techniques is the availability of representative sample sets that account for all within-group variation (see 

chapter 1.5.4). The class modelling approach only requires a sufficient set of in-specification samples, which 

is less difficult to collect than a representative sample set from all possible adulterants (that are very often 

not even known to be used as adulterant). The class-modelling approach is therefore more appropriate to 

address issues where the requested outcome is binary (Paolo Oliveri & Downey, 2012). However, in cases 

where adulterants are known to be used often and a sufficient sampling is possible, discriminant analysis 

can not only provide information about the compliance of the specific sample, but can furthermore reveal 

extra knowledge about the identity of adulterants.  

1.5.3 Development and performance evaluation of prediction models 

Any prediction model makes only sense if appropriate criteria are defined and applied to measure the 

performance of the model (Varmuza & Filzmoser, 2009). To investigate the prediction performance of a 

model, a validation procedure can be conducted on different levels. The conducted validation level is 

mainly determined by the number of available samples, as with increasing size of the sample set, the 

reliability of the model increases as illustrated in Figure 1.7. 
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Figure 1.7: Different levels of validation procedures for the performance estimation of prediction models. The reliability of the 

model results is highly dependent on the size of the sample sets. The bigger the sample set the better the validation procedure 

and the reliability of the model results (Varmuza & Filzmoser, 2009). 

In an optimal situation a sufficient amount of samples are available and can be split into three sets: A 

training set to create the model, a validation set to optimize the model to obtain good prediction 

performance and a test set to estimate the prediction performance (Figure 1.7, Level 1). If lesser samples 

are available, the model is developed and optimised with the same set of samples and afterwards tested 

with an independent test set (Figure 1.7, Level 2). The sample set for model development and optimization 

is then divided by e.g. cross validation (CV). CV is the most used resampling strategy in chemometrics and 

often applied to optimize the complexity of a model, for instance to estimate the optimal number of PLS or 

PCA components. The CV procedure for model optimization is illustrated in Figure 1.8. An available sample 

set is split into s segments of approximately equal size. Two to n segments can be used, often a number 

between four and ten is chosen, n-1 sets are used as training set to create the models with increasing 

complexity (for instance models with an increasing number of components). Each of these models with 

different complexity is then applied to the samples of the validation set (segment of samples that were not 

used as training set). The prediction error for all these models is calculated and stored. As this procedure is 

repeated, every segment is once used as validation set. The outcome is a matrix with n rows for each 

validation subset and all considered model complexities aMAX columns containing the predicted yCV obtained 

by CV. A residual matrix is computed from the known y-values and predicted yCV values. The total prediction 

error for all the models is calculated and the model with the lowest total prediction error is selected as 

optimal. It is important to choose the optimal model complexity to get the best possible prediction ability 
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of the model. If a too complex model is chosen, the data used for training the model would fit very well, 

however, such an overfitted model would deliver a poor generalization for new samples. On the other 

hand, the predictive ability is also decreasing if the model has a too low complexity which can be described 

as underfitted. When the optimal model was found, the prediction performance is tested on a completely 

independent test set.  

 

Figure 1.8: Single cross validation procedure for model optimization adopted (Varmuza & Filzmoser, 2009). First, the sample set 

is divided into n segments for, n-1 segments are used as training set, while the left out segment is used as validation set. Each 

segment is used as validation set once. The model with the number of compounds that is providing the smallest error measure is 

considered as optimal.  

However, very often the available sample number does not allow a split for a completely independent test 

set. In that case all three sets (training set, validation set and test set) are used for model creation, 

optimization, and prediction. This approach is called double cross validation (Figure 1.7, Level 3). An outer 

CV is applied to split all data into test sets and calibration sets and the inner CV is to split the calibration set 

into training and validation set to conduct single CV for model optimization Figure 1.9. This process can be 

repeated many times with different random splits and is the most suitable approach to test the 

performance of a model when only a small number of samples are available.  
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Figure 1.9: Double cross validation procedure for model optimization and model performance prediction (Varmuza & Filzmoser, 

2009). First, the sample set is divided into three segments for the outer CV and four segments for the inner CV. The inner CV is a 

single-cross validation conducted for model optimization as described in Figure 1.8. The prediction performance is tested once 

with each segment from the outer CV. 

Approaches where no test set is applied to evaluate the model performance cannot be recommended 

(Figure 1.7, Level 4 and 5). In level 4 all samples are used for the single cross-validation to determine the 

optimal model complexity. Since only the results of the single CV (y-ӯCV) can be used as performance 

indicator, the evaluation of the prediction performance is usually too optimistic. In level 5 a model is 

created that best fits all the data and no model optimization or prediction testing can be conducted. The 

resulting prediction error is usually far too optimistic, so that this approach should be avoided (Varmuza & 

Filzmoser, 2009). To assess the performance of the prediction ability of a model, the sensitivity, specificity 

and receiver operating characteristic (ROC) curve are suggested by the US Pharmacopoeia in the guidance 

on developing and validating non-targeted methods (US Pharmacopoeia, 2017). The sensitivity is the 

percentage of correctly classified in-specification samples to the class of in-specification samples (Paolo 

Oliveri & Downey, 2012). It can be expressed as TPR = TP/(TP + FN), where TPR describes the true positive 

rate, TP the true positive (correctly identified samples), and FN the false negative (incorrectly rejected 

samples). The specificity is the percentage of samples correctly rejected and thus non-compliant with the 

class of interest (Paolo Oliveri & Downey, 2012). It can be expressed as TNR = TN/(TN+FP), where TNR 

describes the true negative rate, TN the true negative (correctly rejected) and FP the false positive samples 

(incorrectly accepted). The ROC combines the true positive rate (TPR, sensitivity) with the False positive 

rate (FPR, 1-specificity). A ROC curve plots TPR of a test set versus FPR. The area under the ROC curve 

(AUROC) serves as a quality measure that enables the comparison between different models. A random 
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decision method is represented by an AUROC-value of 0.5, whereas a good non-targeted method should 

have an AUROC-value close to 1 (US Pharmacopoeia, 2017). 

1.5.4 Challenges in non-targeted food analysis 

As described in the previous section, an appropriate number of samples are essential to build a robust 

prediction model and also to reliability evaluate the prediction performance of the model. However, 

besides the size of the sample set, further elements like range of season, various geographical origins, 

range of aging and various processing methods must be considered when developing a representative 

sample set Figure 1.10) (McGrath et al., 2018). 

 

Figure 1.10: Factors to consider when developing a representative sample set (McGrath et al., 2018) 

McGrath et al. recommend at least a minimum of 200 representative samples for each class in a model 

(McGrath et al., 2018). The collection of such a huge number of authentic samples with metadata 

information including full traceability and provenance is extremely challenging and requires collaboration 

with producers and the food industry. The biggest trustworthiness about sample information can be 

obtained in the beginning of the supply chain e.g. when samples are directly obtained from the producer, 

vice versa samples obtained from supermarkets cannot be considered as suitably authenticated and 

representative samples. An existing database should be continuously maintained by including new 

authentic samples. 

Another serious challenge is the transfer of methods and data between different operators/laboratories. 

Since the development of a robust and reliable model need to be based on a big sample set, the 

development process is very labour intensive and the transferability of the data is highly desirable if we 

want to take advantages of non-targeted analysis to real world challenges. It will therefore be required to 

i lude so alled s ste  halle ges  like e.g. the easu e e ts o  diffe e t i st u e ts a d i  diffe e t 
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laboratories/different operators into the validation procedure to evaluate how meaningful a generated 

database will be when using different laboratory settings. A control of the transferability can be realized by 

the provision of certified reference material (McGrath et al., 2018). 

Despite the fact that food fingerprinting is considered a very potent tool in the authentication process, until 

now, there is a lack of guidelines and legislation governing both the development and validation of  

non-targeted methodologies (McGrath et al., 2018; Riedl, Esslinger, & Fauhl-Hassek, 2015). Riedl et al. 

provided a validation scheme for multivariate models dealing with fingerprinting data (Figure 1.11), where 

the aforementioned challenges and considerations receive attention. The validation scheme for 

multivariate models used to process chemical fingerprinting data contains four phases. The first step 

contains the data preparation with pre-processing and pre-treatment. Step two and three are described in 

detail in Chapter 1.5.3. These steps include the model generation and optimization (step two) and the 

model testing by external validation (step three). The forth step includes the system challenge, which 

should be conducted continuously to test the long term stability and transferability of a model (Riedl et al., 

2015). 

 

Figure 1.11: Validation scheme for the non-targeted fingerprinting approach (Riedl et al., 2015). The procedure is divided into 

four parts. 1) The pre-processing and pre-treatment of the data, 2) internal validation for model generation, 3) external 

validation for model testing and 4) the system challenge for long-term stability and transferability of the model. 
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1.6 Hypotheses 

This p oje t sta ted out ith the ge e al title The P oof of Food Authe ti it   Che i al Methods . Afte  

extensive literature review and discussion with the industry about vulnerabilities of specific food products, 

the th ee o odities a illa , la k peppe  a d e ga ot oil  e e sele ted fo  i estigatio s ith 

respect to authentication. 

The following hypotheses were set up: 

I) An analytical method including SPME-GC-IRMS can efficiently be used to obtain fast 

information about the authenticity of vanilla flavour incorporated in complex food matrices by 

determining the 13C-value of vanillin. 

II) New sources of biovanillin derived from glucose will challenge the authenticity determination 

of vanilla flavour based on the 13C-value of vanillin 

III) Isotopic carbon and hydrogen composition of vanilla methoxy groups may assist with the 

determination of the geographical origin of vanilla pods. 

IV) Vibrational techniques such as NIR and FT-IR combined with chemometrics can serve as a 

screening method to detect adulterants in black pepper. 

V) Authenticity evaluation of bergamot oil can be supported by applying parallel factor analysis 2 

(PARAFAC2) and multivariate analysis to datasets obtained by chiral GC-MS. 
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2 Strategies for the authentication of vanilla flavour 

This chapter about the strategies for the authentication of vanilla flavour is divided into three parts. The 

authenticity of vanilla flavour is very often based on techniques investigating the stable isotope ratios. The 

first part (2.1) provides an overview about stable isotope analysis and why it can be applied for the 

authentication of vanilla flavour. The second part (2.2) is about strategies to identify vanilla flavour from 

different sources. Vanillin, the main compound, can not only be obtained from vanilla pods, but also from 

other sources (e.g. spruce tree lignin). This section provides a literature overview and evaluation about 

different methods that can be applied to distinguish vanillin from different precursors. The two manuscripts 

(1 and 2) that can be found in the appendix of this thesis are related to this section. The third part (2.3) is 

about vanilla pods from different geographical origins. Results from experiments that were conducted 

during this project at the Institute of Earth Sciences at the University of Heidelberg (Germany) are 

presented and discussed. Conclusions and future perspectives are given for the second and third part, 

respectively.  

2.1 Stable isotope analysis 

2.1.1 Stable isotopes 

All atoms of a particular element with the same atomic number will have the same number of protons and 

also the same number of electrons. However, they can differ in the number of neutrons and thereby also in 

their atomic mass. Atoms with the same number of protons but different number of neutrons are called 

isotopes (UCKO, 1982). Isotopes that have not been observed to decay are called stable isotopes. By this 

definition, 80 of the known 118 elements have one or more stable isotopes. The six most important 

chemical elements of life, also alled io ele e ts , a e su a ized u de  the a o  CHNOP“, hi h 

stands for carbon, hydrogen, nitrogen, oxygen, phosphorus and sulphur (Grange & Bloom, 2003). Since 

combinations of these elements make up most biological molecules on earth, food products mainly consist 

of these elements. Apart from phosphorus, all bio elements have one or more stable isotope as listed in 

Table 2.1.  
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Table 2.1: Masses and abundance of the bioelements hydrogen, carbon, nitrogen, oxygen and sulphur (Harris, 2010) 

Element Stable 

Isotopes 
Mass [Da] Abundance [%] 

Hydrogen 
1H 1.007 825 99.988 
2H 2.014 10 0.012 

Carbon 
12C 12(exact) 98.93 
13C 13.003 35 1.07 

Nitrogen 
14N 14.003 07 99.632 
15N 15.000 11 0.368 

Oxygen 

16O 15.994 91 99.757 
17O 16.999 13 0.038 
18O 17.999 16 0.205 

Sulphur 

32S 31.972 07 94.93 
33S 32.971 46 0.76 
34S 33.967 87 4.29 
36S 35.967 08 0.02 

 

A molecular entity that differs only in isotopic composition is called isotopoloque (IUPAC, 1997). A pure 

compound like vanillin (C8H8O3) is a complex mixture of isotopoloques. Combinatorically, there are 884736 

isotopoloques of the vanillin molecule. However, based on the natural abundance of the respective 

isotopes, the probability of their occurrence is very different. The lightest isotopoloque of vanillin 

12C8
1H8

16O3 has an occurrence probability of 0.91, whereas the heaviest (13C8
2H8

18O3) has only a 

6.36x10-56 chance of occurring in nature. In other words, a mass of vanillin much larger than the mass of the 

sun would need to be produced to have a realistic  chance to observe the heaviest vanillin-isotopoloque. 

(Martin, 1996) 

When analysing the isotopic composition of a vanillin molecule, both the whole bulk molecule and the 

specific positions of the molecule can be investigated. Compound specific bulk analysis is usually conducted 

by isotopic ratio mass spectrometry (IRMS), often coupled to a chromatographic technique like gas or liquid 

chromatography, whereas position specific analysis is conducted by site-specific natural isotope 

fractionation nuclear magnetic resonance spectroscopy (SNIF-NMR).  

2.1.2 Gas Chromatography Isotopic Ratio Mass spectrometry 

IRMS instruments are specifically designed for the precise analysis of the natural abundance of stable 

isotopes such as 13C/12C, 18O/16O, 2H/1H, 15N/14N. Before entering the ion source of an IRMS-instrument, the 

analyte must be converted into a simple gas. Carbon isotopes are analysed as carbon dioxide (CO2), 

nitrogen as N2, oxygen as carbon monoxide (CO) and hydrogen as H2. The conversion of the analytes into 
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simple gases is conducted in the elemental analyser (EA). Two types of elemental analyser are available. For 

the analysis of carbon and nitrogen the samples are combusted in an oxygen atmosphere (simply known as 

EA), for the analysis of hydrogen and oxygen the samples undergo a high temperature conversion (HTC-

IRMS). Figure 2.1 is showing the components of the IRMS systems. The analysis can be divided into five 

steps: (i) injection either directly or by GC-Interface) (ii) combustion or thermal conversion of the sample 

into gas (EA/HTC) (iii) introduction of the gases into the ion source (iv) ionisation of the gas molecules by 

electron ionisation (EI), separation and detection of the ions in the mass spectrometer and (v) the 

evaluation of the raw data (Carter & Barwick, 2011). 

 

Figure 2.1: Scheme of a gas chromatography coupled to isotopic ratio mass spectrometry 

To analyse the isotopic ratio of the entire sample, solid substances and non-volatile liquids can be directly 

introduced into the elemental analyser (EA), this kind of analysis is usually called EA-IRMS. For compound 

specific isotope analysis (CSIA) the IRMS is usually coupled to a hyphenated technique such as GC or LC to 

perform prior separation of complex mixtures (named GC-IRMS or LC-IRMS). In some cases, the GC is 

moreover connected to a common mass spectrometer such as a single quadrupole MS. This allows a 

simultaneous analysis of the compounds by IRMS and MS and thereby the analysis of the isotopic ratio and 

the identification of the analysed compound (Carter & Barwick, 2011; Muccio & Jackson, 2009). 

In combination with selective degradation reactions it is possible to obtain information about position 

specific isotopic ratios. The reaction of degradation of vanillin into guaiacol can provide specific information 

about the aromatic fragment (Bensaid, Wietzerbin, & Martin, 2002). The degradation reaction of vanillin 

into guaiacol is shown in Figure 2.2. 
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Figure 2.2: Degradation reaction of vanillin into guaiacol, catalyzed with palladium (Pd) (Bensaid et al., 2002) 

Another reaction that allows information about specific positions is the Zeisel reaction (Zeisel, 1885). Here, 

hydroiodic acid is added to the vanillin (or alternatively to any other plant material containing methoxy-

groups), whereby the methoxy-groups are transformed to methyl iodide (CH3I). The isotopic hydrogen and 

carbon ratio of the methoxy-group can subsequently be determined by GC-IRMS. The reaction between 

vanillin and hydriodic acid is shown in Figure 2.3. 

 

Figure 2.3: Reaction between vanillin and hydriodic acid (Greule et al., 2010) 

2.1.3 Isotope notation 

The isotopic ratio of a sample is always reported relative to the isotopic ratio of international standards 

that were defined by the IAEA. The conventional  notation expresses the isotope ratios in parts per 

thousa d ‰  e sus the i te atio al sta da d, defi ed as 

  = (RSample/RStandard) -1,  

 

where R is the ratio of the heavy to light isotopes. For different elements the following international 

standards are agreed as zero points: 

Hydrogen (2H1H): VSMOW (Vienna Standard Mean Ocean Water) 

Carbon (13C/12C): VPDB (Vienna Peedee Belemnite) 

Nitrogen (15N/14N): atmospheric nitrogen (Air-N2) 

Oxygen (18O/16O): VSMOW (Vienna Standard Mean Ocean Water) 
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The use of international standards is a requirement to allow for accurate inter-laboratory comparison of 

results. Since the isotopic ratio of the reference standard is known, the isotopic composition of the sample 

can be converted and reported on the respective international stable isotope reference scale. Several 

existing and routinely used data conversion procedures, also known as normalization, were discussed and 

evaluated by Paul et al. (2007). Ideally two or more -values of compounds from a certified reference 

standards are used that cover the -value of the sample. Measuring a reference standard in an identical 

procedures as for the sample is of fundamental importance and is known as Identical Treatment (IT) 

Principle. For instance, if different injection techniques or interfaces are used for the sample and the 

reference standard, a possible isotopic fractionation in the sample or the reference standard will lead to 

erroneous -values (Paul & Skrzypek, 2007; Carter & Barwick, 2011; (Muccio & Jackson, 2009). 

2.1.4 Natural fractionation 

Isotopes have very similar chemical behaviour; however, the light isotopes are faster in forming and 

breaking bonds. This isotope specific behaviour known as fractionation means isotopes do not react exactly 

alike. Figure 2.4 illustrates the potential energy as a function of the interatomic distance for heavy and light 

isotopes. Adding energy to the bond could possibly fuse the atoms as indicated on the left side of the graph 

in the diagram. However, more commonly added energy will simply break the bonds with interatomic 

distance increasing to the right as bonds break. Lighter isotopes are vibrating more and have a higher 

potential energy than heavier isotopes. Therefore, lighter isotopes need less activation energy to break a 

bond than heavier isotopes (Fry, 2006).  

 

Figure 2.4: Potential energy as a function of the interatomic distance showing the difference in disassociation energies for light 

and heavy isotopes on the example of CO2 (adapted from Fry, 2006) 
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The isotopic ratio that can be found in a specific compound, and even the isotopic ratio of a specific 

position in the compound, is the result of many different complex reactions and physical processes (e.g. 

evaporation and precipitation). Fractionation is the hidden power controlling isotope distributions on this 

planet, and the fundamentals of fractionation are in the chemical details (Fry, 2006). In the following two 

chapters the emergence of the distribution of hydrogen and carbon isotopes and its usability for the 

authentication of food products are explained in more detail. 

1.1.1.1 Natural fractionation of carbon 

The carbon cycle involves active exchange of CO2 among the atmosphere, terrestrial ecosystems and the 

surface ocean (Figure 2.5). The CO2 that is dissolved in the ocean water has a 13C alue of  ‰. The gas-

exchange between the ocean and the air leads to an accumulation of the heavier carbon isotopes in the 

ocean, whereas the 13C value is depleted in the air. The 13C value of the atmospheric CO2 is of about  

-8 ‰. Further fractionation occurs when plants incorporate carbon into organic material during 

photosynthesis.  

 

Figure 2.5: Carbon cycle and its effects on isotope ratio 

Plants are growing in very different climatic conditions around the globe. The respective climatic conditions 

require different water use efficiency and strategies for the CO2 uptake. Based on the carbon capture in the 

photosynthetic pathway, plants are divided into three classes, namely C3, C4, and Crassulacean Acid 

Metabolism (CAM) plants. During photosynthesis, fractionation of carbon isotopes occurs, depending on 

the particular biosynthesis pathway in the plant. The carbon isotopic ratio in the organic material produced 
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by the plant, therefore reflects the respective class affiliation O Lea , . Figure 2.6 demonstrates the 

ranges of 13C values for fossil fuels, petroleum, C3 plants, C4 plants, and CAM plants. 

 

Figure 2.6: Some typical examples of natural 13
C values grouped according to the origin (adapted from Meier-Augenstein, 1999) 

The majority of the plant species belong to the C3-plants. Only about 3% of flowering plant species use the 

C4 pathway, but these few species account for 18% of the vegetated land surface (Kellogg, 2013; Still, 

Berry, Collatz, & DeFries, 2003). Approximately 6% of higher plant species use the Crassulacean acid 

metabolism (CAM) (Winter & Smith, 1996). However, CAM species are of relatively small economic 

importance (e.g. vanilla, pineapple and agave) as opposed to C3 and C4 crops (Dodd, Borland, Haslam, 

Griffiths, & Maxwell, 2002). The differences in the isotopic carbon ratio of these different groups of 

organic materials can be used as an authentication parameter for food products. If authentic products 

are blended or replaced with products from other groups listed in Figure 2.6, a shift of the 13C values 

can be detected and possible adulteration can be revealed.  
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1.1.1.2 Natural fractionation of hydrogen 

Most of the hydrogen on earth is included in water molecules. Ocean water is the main reservoir of 

hydrogen in the biosphere and it is used as standard reference material for hydrogen isotope 

easu e e ts sta da d ea  o ea  ate  o  “MOW . This sta da d is per definition set to 0 ‰. O ea  

water is therefore a good starting point to follow the isotope dynamics in the hydrological cycle which is 

also illustrated in Figure 2.7. Water evaporating from the sea has 2H values of about - ‰, si e ate  

molecules with the lighter hydrogen isotopes go easier into the gas phase. When it is raining, the heavier 

isotopes condense first, which leads to a further enrichment of the light isotopes. As this process is 

repeated, this trend towards lower 2H values is amplified (Fry, 2006). This effect is especially pronounced 

o  ou tai s a d to a ds i la d , as the apou  p og essi el  loses oiste  a d the hea  ate  is 

removed.  

 

Figure 2.7: Water cycle and its effects on isotope ratios of hydrogen  

The stable isotope ratio of hydrogen in the water is therefore linked to climatic conditions (relative 

humidity, temperature and amount of precipitation) and geographical characteristics (distance from the 

sea or other evaporation sources, altitude, and latitude). The Global Network of Isotopes in Precipitation 

(GNIP) is a worldwide isotope monitoring network of hydrogen and oxygen isotopes in precipitation, 

initiated in 1960 by the International Atomic Energy Agency (IAEA) and the World Meteorological 

Organization (WMO) (IAEA, 2016). Based on the data of the worldwide isotope monitoring global-scale 

maps are modelled and make the effects of the ongoing fractionation visible (Figure 2.8). These climatic 
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effects on the water cycle presented in Figure 2.7 are visible in the map of Figure 2.8, very negative values 

up to approximately - ‰ e e fou d fo  e a ple i  G ee la d lue a ea . 

 

Figure 2.8: 2
H precipitation map (Terzer, Wassenaar, Araguás-Araguás, & Aggarwal, 2013; International Atomic Energy Agency, 

2019;IAEA/WMO, 2019) 

As plants take up the source water, the geographical origin of the plant is also reflected in the2H values of 

the analysed plant biomass (Keppler et al., 2007; Keppler & Hamilton, 2008). However, fractionations of 

isotopes in biosynthetic pathways were discovered by the determination of the hydrogen isotope 

composition of carbohydrates, lipids and proteins and nucleic acids (Hayes, 2001). Moreover, it was also 

investigated that as a result of a large uniform biosynthetic fractionation, the 2HMethoxy values of plant 

material are highly depleted compared to the 2H values of the source water (Keppler & Hamilton, 2008; 

Anhäuser, Greule, Polag, Bowen, & Keppler, 2017).  

The differences of the isotopic composition of hydrogen at different geographical origins can be used to 

test the geographical designation of a product. If the investigated sample material is grown along an 

isotopi  g adie t , ea i g i  egio s ith a ha gi g h d oge  isotopi  atio, a putati e o g 

designation of origin stated on the label can be revealed.  
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2.2 Background: Vanilla flavour from different sources 

Vanilla is one of the most popular flavours in the word. Derived from the tropical orchid of the genus 

Vanilla, it is a complex mixture of compounds with 4-hydroxy-3-methoxybenzaldehyde (vanillin) as the 

most abundant and characteristic flavour compound (Sinha, Sharma, & Sharma, 2008). Only 1% of the 

worldwide increasing demand of vanillin for vanilla flavour can be covered by vanilla ex vanilla pods. The 

remaining 99% of the global demand are therefore met by synthetic vanillin of which 85 % of the synthetic 

vanillin are produced from the petrochemical precursor guaiacol and the rest are sourced from lignin 

(Bomgardner, 2016). Bio a illi  ep ese ts a thi d optio  to p o ide a illi  to the a ket. It is 

biotechnology-derived vanillin produced from natural raw materials and can be labelled as atu al 

a illi  a o di g to the European regulation 1334/2008 (European Parliament and the Council of the 

European Union, 2008). The labelling of food p odu ts as atu al  constitutes a powerful marketing tool, 

since consumers are often willing to pay a premium price for products that convey naturalness and being a 

healthier and safer product (Hartmann, Hieke, Taper, & Siegrist, 2018). Moreover, vanillin produced from 

guaiacol (petroleum-based) or lignin is undesirable for environmental reasons as petroleum is a non-

renewable source and production of 1 kg vanillin from lignin results in 160 kg of hazardous chemical waste 

that must be disposed (Gallage & Lindberg Møller, 2015). Figure 2.9 summarises all the reported pathways 

to produce vanillin that are available or rather planned to be marketed in the near future.  

 

Figure 2.9: Routes to produce synthetic, biosynthetic and natural vanillin (adapted from Gallage & Lindberg Møller, 2015) 
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Vanilla pods (containing 1-2% vanillin) were reported to cost 500 USD/kg in 2017 (Gelski, 2017), whereas 

synthetic vanillin only costs around 10 USD/kg (Bomgardner, 2016). Much attention has been given to cost 

and yield optimization of biotechnologically produced vanillin in order to gain a competitive market 

position relative to chemically synthesised vanillin but it is not yet competitive. Glucose is the cheapest 

substrate among the precursors used for the biovanillin production, with an average cost of US$ 0.30/kg 

(Gallage & Lindberg Møller, 2015). The huge price gap between vanillin from different sources obviously 

constitutes an important cause for economically motivated fraud targeting to replace natural vanillin from 

vanilla pods by cheaper synthetic or biosynthetic vanillin.  

European regulation 1334/2008 (European Parliament and the Council of the European Union, 2008) 

defines four flavour categories, which applied to vanilla flavour gives: 

i) atu al a illa fla ou , he e the fla ou i g o po e t is o tai ed  at least  % /  f o  a 

a illa pod o  a illa e t a ts  e lusi el  o tai ed f o  a a illa pod;  

ii)  a illa fla ou  ith othe  atu al fla ou i gs  he e the a illa flavour is partly derived from a 

vanilla pod and can easily be recognized  

iii) atu al fla ou i g  that a  o l  e used if the fla ou i g o po e t o p ises fla ou i g 

preparations and/or natural flavouring substances only;  

iv) fla ou , hi h a  e a s thetically derived component like vanillin or other components such as 

ethylvanillin or vanillin ethyl ether. 

To ensure compliance with legislation, it is essential to have suitable analytical methods that can 

differentiate between the different categories and thereby help to avoid economically motivated fraud. The 

stable isotope ratio of carbon is a widely used indicator to assess the authenticity of natural vanilla flavour 

from vanilla pods and is discussed below (Bensaid et al., 2002; D. A. Krueger & Krueger, 1983; Scharrer & 

Mosandl, 2002; Bricout, Fontes, & Merlivat, 1974). 

2.2.1 Authentication of vanillin from different sources based on the 13
CBulk-value of vanillin 

The vanilla plant belongs to the CAM category, whereas synthetic and biosynthetic vanillin (Figure 2.9) can 

be produced from the other precursor materials listed in Figure 2.6. Since vanilla flavour is one of the 

most popular and most expensive spices in the world, a lot of research has been conducted in order to 

authenticate genuine vanilla flavour, with most of these studies focusing on the 13CBulk-value. Table 2.2 

is summarizing the reported 13CBulk ranges for vanillin from different precursor material since 1974.  
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Table 2.2: Global database for reported 13
CVDPD values for vanillin from different sources 

Source Precursor Reported 13
C range [‰] References 

natural vanillin 

from Vanilla 

planifolia 

 vanillin glucoside -22.2 to -17.8 

(Greule et al., 2010), (Hansen, Fromberg, & Frandsen, 

2014), (D. A. Krueger & Krueger, 1983), (Bricout et al., 

1974), (P. Hoffman & Salb, 1979), (Geißler et al., 2017), 

(Kaunzinger, Juchelka, & Mosandl, 1997), (D. a Krueger & 

Krueger, 1985), (Hener et al., 1998), (Günther Lamprecht, 

Pichlmayer, & Schmid, 1994), (Gassenmeier, Binggeli, 

Kirsch, & Otiv, 2013) 

natural vanillin 

from Vanilla 

tahitensis 

 vanillin glucoside -19.7 to -14.6 

(Greule et al., 2010), (Greule, Mosandl, Hamilton, & 

Keppler, 2015), (D. A. Krueger & Krueger, 1983), (P. 

Hoffman & Salb, 1979), (Kaunzinger et al., 1997), 

(Scharrer & Mosandl, 2002) 

natural vanillin 

from Vanilla 

pompona 

 vanillin glucoside -18.0 to -17.1 

(Greule et al., 2010) 

synthetic vanillin 

 

Lignin (spruce tree) -28.7 to -26.5 

(Bensaid et al., 2002), (D. a Krueger & Krueger, 1985), 

(Bricout et al., 1974), (P. Hoffman & Salb, 1979), (D. A. 

Krueger & Krueger, 1983), (E. J. Tenailleau, Lancelin, 

Robins, & Akoka, 2004), (Geißler et al., 2017), (Cicchetti 

et al., 2010), (Culp & Noakes, 1992) 

guaiacol (petroleum, 

coal tar) 
-36.2 to -24.9 

(Bensaid et al., 2002), (Geißler et al., 2017), (P. Hoffman 

& Salb, 1979), (E. J. Tenailleau et al., 2004), (Culp & 

Noakes, 1992) 

ferulic acid (fossils) -36.2 to -27.1 
(E. J. Tenailleau et al., 2004), (Luisa Schipilliti, Bonaccorsi, 

& Mondello, 2016), (Bensaid et al., 2002) 

eugenol/isoeugenol 

(clove) 
-31.7 to -29.9 

(P. Hoffman & Salb, 1979) 

biovanillin 

eugenol and isoeugenol 

(clove) 
-31.3 to -30.9 

(Geißler et al., 2017), (Hansen et al., 2014), (Bensaid et 

al., 2002), (Luisa Schipilliti et al., 2016) 

ferulic acid (rice) -37.9 to -35.4 (Bensaid et al., 2002), (Geißler et al., 2017) 

ferulic acid (corn) -19.9 to -19.0 (Geißler et al., 2017) 

curcumin (turmeric) -30.4 to -27.8 (Geißler et al., 2017), (Luisa Schipilliti et al., 2016) 

glucose (not specified, 

probably corn/other C4 

plant) 

-12.5 

(submitted Wilde, Frandsen, Fromberg, Smedsgaard, & 

Greule, 2019) 

 

The delta ranges for bulk carbon in synthetic vanillin can easily be distinguished from natural vanillin of the 

vanilla pod. However, 13CBulk ranges for biovanillin and synthetic vanillin are overlapping when the carbon 

originates from C3 plants. The new biovanillin category therefore complicates the authentication of vanillin 
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if it is solely based on the 13Cbulk value. Vanillin ex ferulic acid derived from the C4 plant corn has been 

reported to overlap with vanillin ex vanilla pods (Geißler et al., 2017). The synthesis of vanillin ex glucose by 

engineered yeast is the latest developed production route to biovanillin (Gallage & Lindberg Møller, 2015). 

Recently, one sample of vanillin ex glucose was measured for the first time (manuscript 2, Appendix VI). 

Unfortunately, the botanical origin of the glucose is not known in this case. However, in accordance with 

the typical 13Cbulk value ranges of different precursor materials (Figure 2.6), using glucose obtained from C4 

plants, a 13CBulk value of -11 ‰ was found. On the other hand, a 13Cbulk value of about -  ‰ as epo ted 

for glucose derived from C3 plants (Meier-Augenstein, 1999). It is therefore likely that the here analysed 

vanillin with a 13Cbulk value of - . ‰ o igi ates f o  glu ose that as o tai ed f o  a C  pla t such as 

corn. It is the first time a 13Cbulk valuefor biovanillin is reported that is higher compared to vanillin from 

vanilla pods. This result for vanillin ex glucose is alarming, as cheap vanillin enriched in 13C opens an easy 

route to fraudulently simulate the 13CBulk range of vanillin from vanilla pods by blending it with vanillin 

from synthetic or biosynthetic sources depleted in 13C. Table 2.3 summarizes the interpretation of 13Cbulk 

value ranges for vanillin as an indicator for the authenticity of vanilla flavour. 

Table 2.3 Interpretation of 13
C values of vanillin assessing authenticity of vanilla flavour 

13
C value (vanillin) Interpretation of the source of vanillin  

δ13CVPDB < - . ‰, elo  the a ge fo  
natural vanillin from vanilla pods 

 The vanillin originates from C3 or petrochemical precursor 
material (can be synthetic vanillin or biovanillin). 

- . ‰ < δ13CVPDB < - . ‰, i  the 
range for natural vanillin from vanilla 
pods 

 The vanillin originates from vanilla pods 

 The vanillin originates from corn (via ferulic acid). 

  The a illi  is lig i - a illi  that is a ipulated by the 
addition artificially 13C-labelled vanillin.

  The vanillin is a mixture of vanillin originating from 
C3/petrochemicals and vanillin derived from glucose (very 
likely from C4 plants).

δ13CVPDB > - . ‰, a o e the a ge fo  
natural vanillin from vanilla pods 

  The vanillin originates from glucose, most likely from C4 
precursor material, e.g., corn.

 

The 13CBulk value is often used as a parameter to determine the authenticity of vanillin incorporated in food 

products (Luisa Schipilliti et al., 2016; Guenther Lamprecht & Blochberger, 2009; Bononi, Quaglia, & Tateo, 

2015). In this research project, the 13Cbulk-ratio of 23 commercial food samples including vanilla sugar, 

dairy, and soy products bought from Danish retailers were analysed (manuscript 1, Appendix VI). From 



  

33 
 

these 23 samples, five were highly suspicious to be fraud using the proposed interpretation given in Table 

2.3. These samples stated that they exclusively contain vanilla flavour from vanilla pods or natural vanilla 

flavour, while their analysed 13Cbulk valuesof vanillin were clearly outside the range reported for vanillin 

from vanilla pods. However, the evaluation becomes more complex when components of vanilla pods are 

combined with synthetic or biosynthetic flavours as it is declared for 8 of the 23 samples in total. The actual 

regulations do not lea l  spe if  if the p odu t des iptio  i  su h ases a  o tai  a illa  a d if 

pictures of vanilla pods on the label are acceptable. The product appearance makes the consumer believe 

that the flavour of the product comes from a vanilla pod, but it requires a more detailed look into the 

ingredient list to realise that the flavour also originates from synthetic or biosynthetic compounds.  

Despite the high potential of the 13Cbulk value as authentication parameter, one must also be aware of its 

limitations. Position-specific analysis in combination with multivariate data analysis has been applied 

successfully to distinguish vanillin from different sources, even when the 13CBulk values are overlapping 

(Geißler et al., 2017; E. J. Tenailleau et al., 2004; Guyader et al., 2019). However, a much higher sample 

amount of vanillin is required for these methods. 
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2.2.2 Strategies for Authentication of vanillin from different sources 

The potential of different techniques that can be applied to purified vanillin, vanilla extracts and vanillin in 

food samples in order to gain information about the origin of the flavour are summarised in Table 2.4. 

Table 2.4: Potential of different techniques to distinguish between synthetic vanillin, biosynthetic vanillin and vanillin from 

vanilla pods, resp. 

Technique 
Sample 

matrix 

Distinction of vanillin 
Parameters 

analysed  (synthetic/ 

ex vanilla pods) 

 (biosynthetic/ ex 

vanilla pods) 

(synthetic/ 

biosynthetic) 

GC-MS 

purified 
vanillin    

Profiling of 
vanillin and other 
main compounds 
of natural vanilla 
flavour 
  

vanilla 
extract 

/  

(only if a lot of 
synthetic vanillin is 

added to the extract) 

/  

(only if a lot of 
synthetic vanillin is 

added to the extract) 

- 

vanillin in 
food matrix 

/  

(Only if concentration 
ratios between main 
components remain 

constant during 
sample preparation) 

/  

(Only if concentration 
ratios between main 
components remain 

constant during 
sample preparation) 

 

GC-IRMS 

purified 
vanillin  

/  

(only in some cases) 

/  

(only in some cases) 

 Analysis of 
13CBulk 

vanilla 
extract  

/  

(only in some cases) 
- 

vanillin in 
food matrix  

/  
(only in some cases) 

/  

(only in some cases) 

"Zeisel 
method" + GC-

IRMS 

purified 
vanillin  

 
(more data needed)  Analysis of 

13CBulk,13CMethoxy

,2HBulk, 2HMethoxy 

of vanillin 

vanilla 
extract   

- 

vanillin in 
food matrix 

- 
(not tested yet) 

- 
(not tested yet) 

- 
(not tested yet) 

13C SNIF -NMR 

purified 
vanillin  

 
(more data needed) 

 
(more data needed) 

Analysis of 
isotopic 
composition of all 
8 carbon atoms in 
vanillin molecule 

vanilla 
extract   

- 

vanillin in 
food matrix    

2H SNIF-NMR 

purified 
vanillin  

 
(more data needed) 

 
(more data needed) 

Analysis of 
isotopic 
composition of all 
5 hydrogen atoms 
in vanillin 
molecule 

vanilla 
extract   

- 

vanillin in 
food matrix    
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GC-MS can be used to investigate the profile of vanillin and other main components of a vanilla extract. For 

the different vanilla species, the concentration ratios between vanillin, vanillic acid,  

4-hydroxybenzaldehyde, 4-hydroxybenzoic acid, anisic acid, and anisic alcohol can be compared. A 

deviation from the usually detected profile is considered as an indication for fraud (Ehlers, 1999; Adedeji, 

Hartman, & Chi-Tang, 1993). Logically, this approach is not applicable for purified vanillin. But if a vanilla 

extract is diluted with very high amounts of either synthetic or biosynthetic vanillin, the concentration ratio 

to the other minor compounds is not considered as authentic anymore. This approach can however be 

challenging when determining the origin of the vanilla flavour in food matrices. For example, the 

concentration ratios of these compounds in milk products can be altered by enzymatic activity, displaying 

ratios that are different from the ones characteristic for authentic vanilla extracts (Anklam, Gaglione, & 

Müller, 1997). In addition, only a small amount of vanilla flavour (0.01% to 1%) is usually added to obtain 

the desired flavouring of food products. Hence, it presents a further analytical challenge to isolate the 

accompanying substances of vanillin that appear in much lower concentrations than the major compound 

vanillin.  

The 13Cbulk value (analysed by GC-IRMS) has been extensively used to determine the origin of vanillin. As 

discussed before, this technique has limitations since 13Cbulk values for biovanillin have been reported to 

overlap with those from vanilla pods as well as from synthetic vanillin. Nevertheless, since 99% of the 

vanillin in the market is currently of synthetic origin that can easily be distinguished from natural vanillin, 

the 13Cbulk value of vanillin is still considered as a useful indicator. Until now, this is the technique of choice 

to investigate the origin of vanillin food products as only very little sample amounts are needed. The 

corresponding method introduced in manuscript 1 (Appendix VI), proved that 20 g of sample material are 

sufficient, even for complex food matrices like ice cream and yoghurt. 

If higher amounts of purified vanillin are available, the vanillin molecule can be further investigated by 

appl i g the )eisel ea tio  this eeds -2 mg vanillin for the carbon analysis and 4-7 mg vanillin for the 

hydrogen analysis). By doing so, GC-IRMS can furthermore provide the stable carbon and hydrogen isotope 

signatures of the methoxy group of the vanillin molecule (Greule et al., 2010). This analysis, in combination 

with multivariate data analysis, has proven to successfully distinguish vanillin from different sources, even if 

the 13CBulk values are overlapping. The number of samples for vanillin ex ferulic acid (corn) analysed in this 

studies was still very limited and the values were lying close to those for vanillin ex vanilla pods (Geißler et 

al., 2017). It therefore needs to be tested and confirmed by analysing more samples, to verify if the 

separation between vanillin ex vanilla pods and ex ferulic acid (corn) is reliable. By plotting 2HBulk versus 

2HMethoxy vanillin ex vanilla pods and vanillin ex ferulic acid (corn) can clearly be distinguished from each 
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other. An extension of the currently available data will therefore verify the reliability of the distinction. The 

vanillin sample e  glu ose i estigated  the )eisel ethod + GC-I‘M“  ould lea l  e sepa ated f o  

the other samples (manuscript 2, Appendix VI). This technique has not yet been applied to explore the 

origin of vanillin incorporated in food samples. For the Zeisel-reaction, vanillin must be isolated from the 

food matrix for analysis, which requires a more labour intensive sample preparation procedure than the 

analysis of the 13CBulk value by SPME-GC-IRMS. However, since this method has shown to distinguish 

vanillin from different origins even though the 13CBulk value of the vanillin was overlapping, it could be 

worth considering the application of this method to vanillin isolated from food matrices.  

Alternatively, vanillin can be authenticated by determining 13C and 2H-SNIF-NMR isotopic fingerprints (E. 

Tenailleau, Lancelin, Robins, & Akoka, 2004; Martin, 1996; Jamin et al., 2007). Recently, vanillin ex ferulic 

acid (corn) has also been included in a database where vanillin from different precursors (ferulic acid (rice), 

eugenol, cucurmin, lignin, guaiacol, vanilla pods) was investigated (Guyader et al., 2019). Using current 

instrumentation, the analysis of 2H by SNIF-NMR requires a long analysis time (15 h) and is seriously limited 

as about 1 g of vanillin is required. To work on processed food products (e.g. ice cream, yoghurts, etc.) 

more than 20 kg would need to be extracted to obtain 1 g of vanillin, which is not realistic to be applicable. 

The 13C isotopic profiles allowed a promising distinction of all of the precursor groups. However, a proximity 

between 13C values for vanillin ex ferulic acid ex corn and vanillin ex vanilla pods was observed, whereas 

these two groups were better separated by the 2H isotopic profiles. It is one of the aims of the 13C SNIF-

NMR analysis to reduce the needed sample amount from currently 250 mg by a factor of 10, which may 

pave the way for 13C SNIF-NMR (Guyader et al., 2019) to analyse vanillin isolated from food products. In 

addition, position-specific fractionation of 13C of vanillin using silica gel column chromatography clean-up 

was observed by Botosoa et al. (2008). Effects of the isolation procedure on the position-specific fractions 

in the vanillin molecule would therefore need to be further investigated. On the other hand, isotopic 

carbon fractions for the vanillin bulk molecule were less pronounced (Botosoa et al., 2008).  

2.2.3 Conclusion and future perspectives 

Several methods for testing the authenticity of vanilla flavour are available and can be applied to different 

sample matrices. This allows a quite comprehensive strategy to test the authenticity in different steps of 

the supply chain, the limitation of each method must however not be neglected. Every method requires a 

database to compare the results of the analysis, which must be updated when vanillin from new sources is 

entering the market.  

In the future, an extension of the IRMS as well as SNIF-NMR vanillin databases with biovanillin samples 

need to be updated with vanillin ex glucose obtained from different precursors like corn, potato, rice. 
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Based on a representative database, it should be possible to evaluate the reliability of the different 

methods to distinguish vanillin from different sources. Finally, it should be tested if mixtures of vanillin ex 

glucose (enriched in 13C compared to vanilla pods) and synthetic and biosynthetic vanillin (depleted in 13C) 

can be distinguished based on the investigated parameters. 

It will be interesting to see if vanillin ex glucose can take a decisive market share in the future. The low cost 

of the precursor material glucose, the environmentally friendly production method by yeast fermentation 

a d espe iall  the fa t that it a  e la elled as atu al  a e fa ou a le o ditio s. Ho e e , the pate t 

owner for the production method of vanillin ex glucose demanded to reconsider whether or not it is 

justified to la el iote h ologi all  p odu ed fla ou s su h as a illi  as atu al  a d i stead suggested to 

add the p efi  io  to the a e of the fla ou . This i di atio  ould i fo  the o su e  that the fla ou  

has been produced using biotechnological approaches (personal communication) (Gallage & Lindberg 

Møller, 2015). It could also prevent consumer confusion when it comes to the distinction of natural vanilla 

flavour from vanilla pods and natural flavour from other natural sources with the taste of vanilla. Another 

issue is that vanillin ex glucose is produced using genetically modified yeast. According to the current EU 

legislation, cases were flavour is produced with the aid of genetically modified organisms the use of genetic 

engineering does not need to be labelled. However, if e.g. the corn from where the glucose was obtained is 

genetically engineered, a labelling is required (European Parliament and the Council of the European Union, 

2003b; European Parliament and the Council of the European Union, 2003a; Lebensmittelklarheit, 2018). 

Thus, if glucose is obtained from a source where no genetic engineering was involved, then the vanillin 

o tai ed ith the help of the ge eti all  odified east a  e la elled ith the att i ute atu al  a d o 

indication is required. The patent owner is therefore concerned that organizations such as Friends of the 

Earth and Greenpeace can profit from this unclear situation by establishing a communication platform to 

voice their general resistance to all products obtained using genetic engineering, even when no genetic 

material is present in the commercialized product (Gallage & Lindberg Møller, 2015). This example 

illustrates, that the focus for the vanilla flavour authentication strategy will depend on the developments of 

the vanillin market and also on eventual changes in the regulations.  

2.3 Background: Vanilla pods from different geographical origin 

The price for vanilla pods can vary with the geographical origin (Champon Vanilla, 2012). According to the 

EU regulation, it is not mandatory to declare the country of origin for a product like vanilla (The European 

Parliament and the Council of the European Union, 2011). It is however self-evident that even voluntarily 

given food information about the geographical origin must not be misleading. A declaration of the origin of 

the vanilla flavour can be found on many products. At the same time, cases were reported, where vanilla 
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pods from Papua New Guinea have been offered as Indonesian (Aust & Hachmann, 2017). The consumer 

interest in knowing the geographical origin of the food products is increasing, whereas the producers might 

obtain market recognition by labelling the geographical origin (Luykx & van Ruth, 2008). False labelling 

contradicts with the interests of both the consumers and legitimate producers. To ensure fair trading 

practice, the ability to determine the origin of a product is of importance. 

Numerous studies have been devoted to the detection of differences between vanilla pods from different 

geographical and botanical origins. One approach is the analysis of the elemental composition (Al, Ba, Br, 

Cl, Cu, K, Mg, Mn, Rb, S, Sr, and Zn) in ground vanilla samples by X-ray fluorescence and inductively coupled 

plasma mass spectrometry (ICP-MS). The sample set included 37 vanilla samples from Madagascar, Uganda, 

India, Indonesia (Vanilla planifolia), and Papua New Guinea (Vanilla tahitensis). By applying discriminant 

analysis, a 100% success rate for the discrimination of samples from different geographical origins was 

reported (Hondrogiannis, Rotta, & Zapf, 2013). Another study analysed vanilla pod extracts by attenuated 

total reflection infrared spectroscopy (FTIR-ATR) and selected Ion Flow Tube Mass Spectrometry (SIFT-MS). 

Samples from Uganda, Indonesia, Papua New Guinea, Madagascar and India were included. Both species 

Vanilla planifolia and Vanilla tahitensis were represented in the sample set without mentioning the 

absolute number of vanilla extracts. Multivariate data analysis (soft independent modelling of class 

analogy, SIMCA) was applied to the data obtained by FT-IR analysis and SIFT-MS, respectively. A clustering 

dependent on the geographical origin was observed and especially by SIFT-MS, different profiles between 

the two investigated species lead to a clear distinction (Sharp, Kocaoglu-Vurma, Langford, Rodriguez-Saona, 

& Harper, 2012). Moreover, vanillin samples from Indonesia (n=3) and Bourbon (n=8) were showing a 

separation from each other by 2H SNIF-NMR and 13C SNIF-NMR (Guyader et al., 2019). Differences between 

the two most widespread botanical species Vanilla planifolia and Vanilla tahitensis are becoming apparent 

in the GC-MS profile, since the vanilla pods contain different main components (Adedeji et al., 1993; Ehlers, 

1999). While the differences between the different botanical origins were quite pronounced in several 

studies, the datasets for the traceability studies on vanilla pods need to be extended by more vanilla 

samples to allow an appropriate validation of these methods. 

Stable isotope analysis is one of the most widely used methods to determine the geographical origin. While 

for the adulterant identification usually one or two stable isotope parameters are sufficient, the 

determination of the geographical origin often requires multiple stable isotope parameters (Camin et al., 

2017). A study on cocoa beans from different geographical origins has shown that the isotopic profile (δ13C, 

δ15N, δ18O, δ2H, δ34S), if combined with canonical discriminant analysis, has led to a reclassification rate of 

more than 80%. Another study on early potato tubers has shown that tubers samples from central Europe 
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can be clearly distinguished from those of Mediterranean regions and from Northern Europe by analysing 

the 2H values of the methoxy groups. A systematic shift between the methoxy groups and the meteoric 

water was observed (methoxy groups were depleted) while the correlation between meteoric water and 

2H values of the bulk biomass was only weak. The samples could therefore only be distinguished by 

analysing the 2H values of the methoxy groupsbut not by the analysis of the 2H values of the bulk biomass 

of potato tuber (Keppler & Hamilton, 2008). Hansen et al. investigated the authenticity and traceability of 

79 vanilla pods from several geographical origins by the 13C and 2H-values of the vanillin molecule. A 

significant difference between the two botanical species Vanilla planifolia and Vanilla tahitensis was 

observed. However, by plotting the 13C value versus 2H-values for the vanillin molecule, samples from 

different geographical origins were overlapping and could not be distinguished (Hansen et al., 2014). In a 

comment to this work, the hypothesis that additional data about isotopic ratio of hydrogen and carbon of 

a illa etho  g oups ould add sig ifi a tl  to the current database of known stable isotope ratios of 

natural vanillin. And thus be of immense benefit to future authenticity studies and may also assist with the 

dete i atio  of the geog aphi al o igi  of a illa pods  as fo ulated (Greule, Mosandl, et al., 2015). 

Initiated from this discussion, 25 vanilla pods from the season 2014 and 51 vanilla pods from the season 

2017 were investigated in the present research project. 

2.3.1 Preliminary experiments  

Prior to investigating the differences between vanilla pods from different geographical origins, the isotopic 

compositions within the compartments of individual vanilla pods were examined (Table 2.5). For this, 

hydrogen and carbon data for the vanillin bulk molecules and those for the methoxy groups have been 

collected. The vanilla pods have been subdivided by three different patterns: (i) methoxy group data for the 

peel and the pulp have been analysed separately (Table A1-A2, Appendix I), (ii) methoxy group data of the 

vanilla pods and the isolated vanillin from the same vanilla have been compared (Table A3, Appendix I) and 

(iii) after cutting the vanilla pods into 3 pieces from one end to the other, the 13CBulk and 2HMethoxy data of 

each part has been separately assessed (Table A4-A5, Appendix I). 

To investigate the stable isotopic composition of the methoxy groups in the vanilla pods, the Zeisel method 

was applied to a piece of the vanilla pod (40 mg for the 13C-analysis and 2H 70 mg for the 2H-analysis). 

The rest is analogue to the method described in manuscript 2, (Appendix VI). 
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Table 2.5: Isotopic compositions within the compartments of individual vanilla pods 

Pattern of investigation Observations 

 

Pattern i: Separation of pulp and peel 

 

Relation of vanilla pulp 

vanilla peel 

13CMethoxy   Strong deviations  

2HMethoxy  No deviations 

 

Pattern ii: Isolation of vanillin from the 

pod  

 

Relation of the methoxy groups between vanilla pods and  

isolated vanillin 

13CMethoxy  Methoxy groups of isolated vanillin are depleted 

2HMethoxy Methoxy groups of isolated vanillin are enriched 
 

Pattern iii: Investigate changes 

lengthwise  

 
 

Relation of sections lengthwise of the vanilla pod 

13CBulk 
Values for isolated vanillin are homogeneous 

 

2HMethoxy Values along the vanilla pod are homogeneous 

 

Pattern i) reveals that the 13C values of a given vanilla pod compartments vary significantly. The 13C 

values of the methoxy groups differ between the peel and the pulp material, whereas values of the 2H 

values do not vary between peel and pulp material. Pattern ii) indicated that the 2H value of the methoxy 

groups of isolated vanillin was higher when compared to a piece of the same vanilla pod (including pulp and 

peel). The opposite trend has been found for 13C values where the isolated vanillin value was lower. This is 

displayed in Figure 2.10 for ten different vanilla pod samples. 
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Figure 2.10: Comparison of the isotopic ratio of the methoxy groups for isolated vanillin and vanilla pods.  

Several conclusions can be drawn from these findings. Since the 13CV-PDB of the methoxy group between 

peel and pulp within one vanilla pod varies (pattern i), this parameter should not be used to compare 

different samples. From pattern ii) we observe that the stable isotope carbon and hydrogen values of the 

methoxy groups of isolated vanillin molecules are different than the ones from the entire pod. The latter 

contains methoxy groups from compounds of the peel such as lignin in addition to the methoxy groups of 

the vanillin (only 1-2% of the vanilla pod). Hence, when building a database, the values obtained for 

isolated vanillin from a vanilla pod should be compared with vanillin originating from different sources 

derived by synthetic or biosynthetic procedures. Finally, the compliance of the stable isotope carbon values 

of the vanillin bulk molecule of the different parts along the vanilla pod in pattern iii) shows that the 13CBulk 

value and 2HMethoxy for vanillin within one vanilla pod is constant.  

2.3.2 Isotopic composition of vanilla pods from different geographical origins 

Vanillin from vanilla pods originating from 16 different countries was extracted and the δ13CBulk and the 

δ2HBulk values of vanillin were determined and integrated in the studies (manuscript 2, Appendix VI). 

Moreover, the δ2HMethoxy values of 76 vanilla pods were investigated by the Zeisel method. Measurements 

of the δ13CMethoxy values have been stopped, as the variation within individual vanilla pods was too large to 

be useful for contrasting different vanilla pods. A total of 25 vanilla pods from season 2014 was analysed, 

o igi ati g f o  the sa e pa kage as the sa ples used i  the stud  Authenticity and traceability of vanilla 

fla ou s  a al sis of sta le isotopes of a o  a d h d oge  (Hansen et al., 2014). The isotopic data for 

each sample can be found in the supplementary material of manuscript 2 (Appendix VI). Figure 2.11 

illustrates the scatterplot 13CBulk versus the δ2HBulk from the study of Hansen et al.  
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Figure 2.11: Plots of δ2
H versus V-SMOW and δ13C versus V-PDB for vanillin extracted from vanilla pods. Geographical origins 

are indicated by colours, with V. tahitensis represented by circles and V. planifolia by squares. The large circles in the scatter plot 

are colour-correlated to the circles in the world map, showing the regions from where the samples originate (Hansen et al., 

2014) 

The data analysed in this study are presented analogously to the previous study by plotting the 13CBulk 

versus the δ2HBulk values (Figure 2.12). Even though only 25 samples from six different origins for season 

2014 were available, trends resembling those in the previous study can be observed (Figure 2.12, left side). 

Samples from different geographical origins are overlapping, while samples from the same origin are 

trending to group together. Figure 2.11 demonstrates separation of the two species V.planifolia and 

V.tahitensis based on the 13C value. This indirectly allows some conclusions about the geographical origins, 

since V.tahitensis is only grown in few countries (e.g. French Polynesia, Papua New Guinea). However, 

these results gave little impetus to include these parameters into a model aiming to predict the 

geographical origin of vanilla pods. A low prediction performance is easily foreseeable, because even 

though the sensitivity rate (percentage of the correctly classified to the class of interest) is expected to be 

very high, specificity rate (percentage of samples correctly rejected and thus non-compliant with the class 

of interest) would be low. Interestingly, the scatterplot of 13CBulk versus δ2HBulk of vanillin from season 2017 

vanilla samples (Figure 2.12, right) illustrates separation of vanilla pods from different geographical origins. 

In contrast to the results from the dataset of 2014, based on the data from 2017 one could conclude that 

the two parameters 13CBulk and δ2HBulk are beneficial for a traceability study of vanillin. A further discussion 

is therefore required. 
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Figure 2.12: Scatterplots 13
CBulk versus the δ2

HBulk of vanillin from vanilla samples from season 2014 (left) and 2017 (right). 

Samples from the species V. planifolia are indicated as circles, V.tahitensis as triangles, the Vanilla hybrid ¾ planifolia and ¼ 

pompona as diamond. 

According to the formulated hypothesis, the experiments of this study aim to investigate whether the 

isotopic ratio of hydrogen and carbon of vanilla methoxy groups can contribute to determine the 

geographical origin of vanilla pods. The 13CBulk values were therefore plotted versus the δ2HMethoxy values 

(Figure 2.13).  

 

Figure 2.13: Scatterplots 13
CBulk versus the δ2

HMethoxy of vanillin from vanilla samples from season 2014 (left) and 2017 (right). 

Samples from the species V. planifolia are indicated as circles, V.tahitensis as triangles, the Vanilla hybrid ¾ planifolia and ¼ 

pompona as diamond. 

By comparing Figure 2.12 and Figure 2.13, it stands out that the corresponding scatterplots from season 

2014 and 2017 respectively, look quite similar and that the separation of vanilla pods from different 

geographical origins cannot be improved by replacing the parameter of δ2HMethoxy with δ2HBulk. In Figure 

2.14, the δ2HMethoxy values are plotted versus δ2HBulk values. It was reported previously that as a result of a 
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large uniform biosynthetic fractionation, the 2HMethoxy values of the plant material are much more depleted 

compared to the 2H values of the source water (Keppler & Hamilton, 2008; Anhäuser et al., 2017). This 

fractionation has been shown to be plant species-specific (Greule, Rossmann, Schmidt, Mosandl, & Keppler, 

2015). A correlation between the two parameters 2HMethoxy and 2HBulk can be observed in Figure 2.14. For 

the species V. tahitensis (n=14) a fractionation between the 2HBulk and 2HMethoxy of  ±  ‰ has ee  

observed (indicated in triangles), for the species V.planifolia =  a f a tio atio  of  ±  ‰ i di ated 

as points) and for the Vanilla hybrid ¾ planifolia and ¼ pompona =  a f a tio atio  of  ±  ‰ 

(indicated as diamond). It can therefore be inferred that a difference between V.tahitensis and V. planifolia 

is not only observable from the 13C values, but also from the fractionations of the 2HBulk of the vanillin 

molecule and the 2HMethoxy of the vanilla pods. 

 

Figure 2.14: Scatterplots δ2
HBulk versus the δ2

HMethoxy of vanillin from vanilla samples from season 2014 (left) and 2017 (right). 

Samples from the species V. planifolia are indicated as circles, V.tahitensis as triangles, the Vanilla hybrid ¾ planifolia and 

¼ pompona as diamond. 
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The geographical origins of the analysed samples were integrated into the 2H precipitation map (Figure 

2.15). 

 

Figure 2.15: The geographical origin of analysed samples integrated into the 2
H precipitation map (A) (Terzer et al., 2013; 

International Atomic Energy Agency, 2019; IAEA/WMO, 2019). Samples from the species V. planifolia are indicated as circles, 

V.tahitensis as triangles, the Vanilla hybrid ¾ planifolia and ¼ pompona as diamonds. 

The comparison of Figure 2.14 and Figure 2.15 illustrates the link between the2HMethoxy and 2HBulk values 

on one side and the geographical origin on the other side. Trends observed in Figure 2.15 can also be 

observed in Figure 2.14. For example, vanilla pods from Africa (Congo and Uganda) displayed as orange, 

have the highest 2H values (Figure 2.14). This fits well together with the orange spots in Figure 2.15, where 

the darker orange indicates higher 2H precipitation values. However, since all vanilla growing places are 

allocated close to the equator, the overall variation for the 2H precipitation values is not very high. 

The online precipitation calculator (OIPC, accessible at http://www.waterisotopes.org/) using the IAEA 

database and interpolation algorithms enables the calculation of the annual 2H value of meteoric water 

from the geographical origins of the vanilla pods (G J Bowen, 2019; Gabriel J. Bowen & Revenaugh, 2003; 

IAEA/WMO, 2019; Welker, 2000). The calculated value for each geographical origin can be found in 

Appendix I, Table A6. Only the country of origin but not the specific sampling site was known. Within-

country variations must be expected and the calculated values can therefore not be more than a rough 

http://www.waterisotopes.org/
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approximation. Vanilla can be grown from sea level to 1500 m altitude (Shylaja, KV Vijini, R Ramya, EV 

Nybe, GSLHV Prasada Rao, S Krishnan, 2011). According to the OICP calculator, the precipitation water at 

1500  o pa ed to ate  at sea le el is depleted   ‰. Figure 2.16 illustrates calculated values for 

meteoric water at sea level (0 m a.s.l., red dashed line) and 1500 m a.s.l. (black dashed line). Despite the 

gross assumptions that had to be made, most of the analysed sample values are following the same trend 

as the values from the OICP model (Figure 2.16).  

 

Figure 2.16: 2
HBulk of vanillin and 2

HMethoxy of vanilla pods values versus the meteoric water derived from OIPC at 0 m.a.s.l. 

(x axis). The red dashed line represents the 1:1 2
H values of meteoric water at sea level. The Y values of the other three lines 

correspond to meteoric water at 1500 m a.s.l (black dashed line), vanillin 2
HBulk (red solid line) and 2

HMethoxy of vanilla pods 

(black solid line). The graphs 2014 A and 2017A illustrate the values for all samples measured in the respective year. In plot 

2014B samples from Uganda and Indonesia were taken out from regression to illustrate that the other five sample groups follow 

the trend of meteoric water. Plot 2017B illustrates the values for 2017 samples without the samples of the species Vanilla 

tahitensis. 

Plots from 2014 ( 

Figure 2.16) show that samples from Madagascar, Pacific Islands (Vanuatu, New Caledonia), Sri Lanka, and 

India follow the trend of the OIPC values, whereas samples from Indonesia and Uganda deviate from this 

trend. This can have several reasons: First, the gross assumptions underlying the calculation are not 

appropriate due to the lack of information about the precise sampling site. Second, the amplitudes of the 



  

47 
 

sampling site of the samples might be higher (Uganda) or lower (Indonesia) compared to the other 

samples, however no information about the elevation of the sampling site is available. Last, even though 

the samples were bought from a trusted source, a wrong country labelling cannot completely be excluded 

by the authors. In contrast, samples from 2017 show a consistent trend. This holds true particularly for plot 

2017B where the samples from the species Vanilla tahitensis have been excluded as a 2H fractionation 

difference between the species was found (see above).  

In  

Figure 2.16 the parallel course of the two lines for 2HBulk of vanillin and 2HMethoxy of the vanilla pods is 

particularly noticeable. It can therefore be concluded, that both parameters 2HBulk of vanillin and 2HMethoxy 

are equally indicative for the geographical origin of vanilla samples. In any case, it is more convenient to 

analyse the 2HMethoxy than the 2HBulk value of vanillin, because no extraction of vanillin is needed and 

sample preparation time and material are reduced (both methods can be compared in manuscript 2, 

appendix VI). It should moreover be taken into consideration that the hydrogen of the hydroxyl group in 

the vanillin molecule could be exchanged with the extraction solvents (ethanol/water). As long as all 

samples are extracted with the same solvent, this effect might be negligible. However, it is the long term 

goal of authenticity studies to make methods transferable between laboratories. Therefore, the effect of 

hydrogen exchange would need to be investigated when using the 2HBulk of vanillin as parameter.  

A linear discriminant analysis (LDA) model was build based on the three parameters (2HBulk, 2HMethoxy and 

13CBulk) with sample sets from 2014 and 2017 (Figure 2.17), respectively. The LDA was performed using the 

R software version 3.5.0 (R Development Core Team, 2018). The detailed description about applied 

packages and functions can be found in Appendix I. Since both the 2HBulk and 2HMethoxy basically contain 

the same information regarding the differences between samples, the scatterplots in Figure 2.17 look very 

similar to the plots in Figure 2.12 and Figure 2.13. 
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Figure 2.17: Scatter plot of the LDA model for the season 2014 (left) and 2017 (right). Samples from the species V. planifolia are 

indicated as circles, V.tahitensis as triangles, the Vanilla hybrid ¾ planifolia and ¼ pompona as diamond. 

For both seasons, the two first components are explaining nearly 100% of the variation. The predictive 

discriminant power was tested by leave-one-out cross validation (LOO-CV). Reclassification rate is used as 

parameter to evaluate the prediction ability.  

Table 2.6: Reclassification rate with and without cross-validation for the dataset from the harvest year 2014 and 2017 

  Dataset 2014 Dataset 2017 

Reclassification rate 48% 86% 

 

The reclassification rates obtained for the datasets from 2014 and 2017 are very different from each other. 

One reason for this may be the fact that the geographical origins of the samples from the two years are not 

exactly the same. Samples from India and Indonesia are part of the sample set 2014, but are not in the 

sample set 2017. And vice versa samples from Congo, Costa Rica, Mauritius, Papua New Guinea are only 

represented in the set 2017. Moreover, Vanilla tahitensis samples (from the Pacific Islands Raiatea, Cook 

Islands and Bora bora Islands) were also exclusive to the sample set from 2017. In principle, differences of 

the 2H precipitation values between countries can be expected by the calculated 2H values from the OIPC 

model ( 

Figure 2.16). However, as mentioned above, vanilla is grown in tropical countries around the equator. It is 

therefore straightforward to find similar 2H values for the source water and in turn only limited variations 

of 2H values for the vanilla pods grown in these countries. It can be seen in the plot of  

Figure 2.16 (2017A), that 2H precipitation of meteoric water is quite different between African countries 

(Uganda and Congo) at the right side of the graph and Papua New Guinea at the other side. A separation 

between samples from these groups was expected and was actually found in the data of 2017 Figure 2.14 
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(right) and also in the data from Hansen et al in Figure 2.11. However, apart from these highly divergent 

two country-groups, vanilla is grown in many more countries, where the differences are expected to be 

small or not even existing. An assignment to the geographical origin based on the 2H value of the sample 

will be not possible in these cases. The presented datasets do not contain any information about the 

within-country variation, which should not be underestimated especially for bigger countries such as India 

or Congo. Moreover, as mentioned above, vanilla can grow from sea level to 1500 m altitude, which also 

confounds the 2H values of the meteoric water. Since a model for the traceability is supposed to predict 

the origin of an unknown sample, no information about the altitude of this new sample will be available.  
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2.3.3 Conclusion and Future perspective 

It can be concluded that the 13C-value is mainly representative for the respective species (V.tahitensis and 

V.planifolia). As it could be expected from the natural 13C-distribution, no differences between samples 

from various geographical origins and the same species were detected. The 2H value contains interesting 

information linked to the geographical origin of the samples. However, it is by far not sufficient to use it 

alone for a reliable traceability model for vanilla pods, since the 2H values of the meteoric water are very 

similar in the different countries were vanilla pods can grow. The following suggestions are made for future 

research: 

- Samples should be collected in a way such that the factors mentioned in Figure 1.10 are 

considered. This should especially include precise metadata about the sampling site and altitude. 

- The number of investigated parameters should be extended. These should also include the isotopic 

profile of the bioelements (N, O, S) that were not included yet. Moreover, the elemental profile (Ca, 

Mg, K, P, S, Al, Ba, Br, Cl, Fe, Na, Mn, Rb, Sr, Cu, and Zn) should be analysed. 

- Thus, relevant parameters that show differences between vanilla pods from different geographical 

origins can be identified. A cost-benefit analysis should than reveal which parameters are suitable 

in terms of practical applications. 
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3 Testing adulteration of black pepper by vibrational spectroscopic techniques 

This chapter relates to manuscript 3 (Appendix VI). First, a background about the commodity black pepper 

and previous authentication studies is given. Then, the principle of the applied vibrational spectroscopic 

techniques (Near infrared and Fourier-transform infrared spectroscopy) is illustrated. In the chemometric 

section the hard modelling approach that was applied to the black pepper data in manuscript 3 (Appendix 

VI) is shortly presented. Moreover, a soft modelling approach has been applied to the same data set and 

both approaches are compared and discussed. Finally, conclusion and future perspective are given. 

3.1 Background: Black pepper 

Black pepper is the most widely used spice in the world. The worldwide consumption and also the price of 

black pepper are increasing constantly. In 2016 about 430.000 tons were consumed worldwide, from which 

63.000 tons were imported by Europe for a total business volume of 514 million Euro (CBI, 2016). Spices are 

expensive commodities that meet the criteria for a high risk of being affected by fraud. Especially the 

addition of cheaper bulk materials provides a route to commit fraud (Silvis, van Ruth, van der Fels-Klerx, & 

Luning, 2017). 

The Codex Alimentarius can be consulted to verify whether a product is in compliance with internationally 

e og ized sta da ds. I  a o da e to this, Bla k peppe  is the d ied e ies of Piper nigrum L. of the 

Piperaceae family which can be offered in the whole or as cracked and ground products. Furthermore the 

chemical characteristics like moisture content, ash, non-volatile ether extract, volatile oil, crude fibre, 

piperine content and acid insoluble ash are defined (Codex alimetarius, 2017). The recommended Methods 

of Analysis and Sampling (CXS 234-1999) shall be used for checking the compliance with this standard 

(Codex alimetarius, 2008).   

The prediction of possible adulterants is not always an easy or sometimes even a possible task. However, 

there are some key aspects to consider in the assessment of adulterants that could be added to a 

commodity. These are the cost of the adulterant, ease of obtaining sufficient quantities of the adulterant, 

compatibility with the matrix and having a viable method to adulterate the matrix (US Pharmacopoeia, 

2017). Papaya seeds (Carica papaya L.) are assumed to be one of the most common adulterants used for 

black pepper, due to structural resemblance, low price, and easy availability. Several methods have been 

reported for the detection of papaya seeds in black pepper. The applied detection methods were use of 

sequence characterised amplified region DNA-markers (SCAR) (Dhanya, Syamkumar, & Sasikumar, 2009), 

determination of the benzyl glucosinolate concentration by gas chromatography (Curl & Fenwick, 1983) 

and thin-layer chromatography after using supercritical fluid extraction (Bhattacharjee, Singhal, & Gholap, 
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2003). Additionally, a DNA barcoding method revealed in two of nine tested market samples the addition of 

chili to black pepper samples (Parvathy et al., 2014). The adulteration with buckwheat (Fagopyrum 

esculentum) and millet [finger millet (Eleusine coracana); pearl millet (Pennisetum glaucum)] were 

quantified by near infrared (NIR) and mid-infrared (MIR) spectroscopy (McGoverin, September, Geladia, & 

Manley, 2012). Finally, suspicious pepper samples have been inspected by microscopic analysis (Tremlovà, 

2001). The Food and Drink Federation recommends in their guidance on authenticity of herbs and spices to 

consider the addition of extraneous matter from the same plant as well as exhausted, defatted and 

depleted material also referred as spent (Food and Drink Federation, 2016). The European Spice 

Asso iatio s E“A  Qualit  Mi i a Do u e t sets a a i u  le el of e t a eous atte  at % fo  spices 

(ESA, 2011). Ground black pepper is the most common form of black pepper available to the consumer in 

the western countries (Ravindran & Kallupurackal, 2012). It is particularly vulnerable to fraud, as an 

additional processing step is included and adulteration cannot easily be detected by visual examination 

alone.  

There are several methods available to characterize ground black pepper samples, but these methods are 

expensive and time consuming (Aurich, 2009). In relation to the globally traded amount of pepper an 

adequate number of controls by several traditional analytical methods are not realistic. In contrast, 

spectroscopic fingerprinting techniques have been shown to be low cost, rapid and comprehensive 

characterisation tools (Casale, Bagnasco, Casolino, Lanteri, & Leardi, 2016). Along with chemometrics a 

resolution of unique chemical information is provided, which allows rapid monitoring of subtle 

compositional changes (Rodriguez-Saona, Giusti, & Shotts, 2016). Therefore the comparison of the 

fingerprints obtained from authentic samples to adulterated samples can reveal mis-description or 

adulterations (Riedl et al., 2015). 

In this study two spectroscopic methods (NIR and FT-IR) to detect adulteration in black pepper were tested. 

Based on a detailed literature review about fraud incidents in black pepper and advice from the industry a 

supervised classification model with papaya seeds, chili, black pepper husk and black pepper spent material 

has been developed. 

3.2 Spectroscopy 

Spectroscopy is the study of physical systems by the electromagnetic radiation with which they interact or 

that they produce (IUPAC, 1997). The electromagnetic spectrum is defined by the range of electromagnetic 

radiation Figure 3.1. With increasing wavelength, the energy of the respective radiation is decreasing. 

When a sample is exposed to electromagnetic radiation, an energy transition can take place. The high 

energy radiation at one end of the electromagnetic spectrum corresponds to the X-ray region of the 
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spectrum, where the energy can be sufficient to break bonds in molecules. At the other end of the 

electromagnetic spectrum, radiofrequencies have lower energies, which allow for nuclear magnetic 

resonance (NMR) or electron spin resonance (ESR), respectively (Pavia, Lampman, & Kriz, 2001). The 

vibrational infrared region can be found between these extremes. Vibrational spectroscopy is the term 

used to describe studies of the interaction between electromagnetic radiation and the vibrational states of 

atomic nuclei within their respective molecules (Downey, 2013).  

 

Figure 3.1: The relationship of the infrared region to others included in the electromagnetic spectrum. The energy of the 

radiation is decreasing from the left to the right (X-ray, Ultraviolet (UV), Visible (VIS), Infrared (IR), Microwave and radio 

radiation, adapted from (Pavia et al., 2001) 

3.2.1 Vibrational Spectroscopy 

The infrared section in the electromagnetic spectrum is usually divided into near- mid- and far infrared 

(Table 3.1). Most chemists refer to the wavenumber ṽ, rather than the wavelength . Wavenumbers ṽare 

the reciprocal of wavelengths  and are expressed as reciprocal centimetres (cm-1). One advantage of using 

wavenumbers is that they are directly proportional to energy (a higher wavenumber corresponds to a 

higher energy) (Pavia et al., 2001).  

Table 3.1: Classification of the infrared sub regions 

 
wavelength  wavenumber �̃ 

Near Infrared 700 nm to 2.5 µm 14000 to 4000 cm−  

Mid Infrared 2.5–  μ  4000 to 400 cm−  

Far Infrared 25 µm to 1 mm 400 to 10 cm−  
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Infrared radiation has an energy range of 8-40 kJ/mole which corresponds to the range encompassing the 

stretching and bending vibrational frequencies of the covalent bonds in most covalent molecules. When 

electromagnetic radiation in the infrared region interacts with a sample, specific frequencies can get 

absorbed. They are the ones that match the natural vibrational frequencies of the molecule. The absorbed 

energy increases the amplitude of the vibrational motions of the bonds in the molecule. The vibrational 

motions of the bonds can be stretching vibrations (symmetric and asymmetric) and bending vibrations 

(scissoring, wagging, rocking and twisting). Almost any compound having covalent bonds, whether organic 

or inorganic, absorbs various frequencies of electromagnetic radiation in the infrared region of the 

electromagnetic spectrum. Every type of bond has a different natural frequency of vibration, and since two 

of the same types of bonds in two different compounds are in two slightly different environments, no two 

molecules of different structure have exactly the same infrared absorption pattern or infrared spectrum.  

The infrared spectrum can therefore be used for molecules similar as a fingerprint for humans (Pavia et al., 

2001). Moreover, an infrared spectrum can not only be seen as a fingerprint for pure compounds but also 

for mixtures such as homogenized raw food materials. Vibrational spectroscopy (mid-infrared, near infrared 

and Raman) has been applied to the study of authentication of many types of foods (Downey, 2013). The 

differential diagnostic potential of spectroscopic methods to determine the deliberate addition has been 

shown for illegal dyes like Sudan dyes to paprika (Horn, Esslinger, Pfister, & Fauhl-Hassek, 2018) and chili 

(Haughey, Galvin-King, Ho, Bell, & Elliott, 2015) and also plant-derived adulterants to saffron (Petrakis & 

Polissiou, 2017) and oregano (Black et al., 2016; Wielogorska et al., 2018).  

In infrared spectroscopy, the bond must have a dipole moment, as symmetric bonds will not absorb in the 

infrared light (Pavia et al., 2001). Raman spectroscopy is another vibrational technique, which can be 

considered as complementary to infrared spectroscopy since it provides information about non-polar 

bonds. In Raman spectroscopy electromagnetic radiation is not absorbed, but scattered. The intensity 

difference before and after sample detection is known to be proportional to the frequency of the bond 

vibration (Siesler, 2012). However, the following chapter will be focused to NIR and Mid-IR, since these 

were applied for the studies on black pepper.  

3.2.1.1 Fourier Transform Infrared Spectroscopy 

Earlier infrared spectrometers were dispersive, which means that each wavelength was measured 

sequentially. Today, Fourier Transform Infrared (FT-IR) spectrometers are mostly used to obtain infrared 

spectra (Lohumi, Lee, Lee, & Cho, 2015). Figure 3.2 schematically illustrates a Michelson interferometer 

configured for a FT-IR spectrometer. The radiation of an infrared source (containing the full spectrum of 

wavelength to be measured) is first entering a beam splitter, where it gets separated into two beams. One 
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beam is sent to a fi ed i o , the othe  at a ⁰ a gle to a s a i g i o . As the s a i g i o  is 

moving, each wavelength is periodically transmitted and blocked by wave interference (Stuart, 2000). The 

outcome is an interferogram, which essentially is a plot of intensity versus time. Finally, a mathematical 

operation, known as Fourier-Transformation (FT) is performed to give spectral peak positions in 

wavenumbers (cm-1) (or sometimes wavelength) (Pavia et al., 2001). 

 

Figure 3.2: Schematic diagram of a Fourier transform spectrometer adapted from (Melpignano, Schaap, & Bellouard, 2014) 

As mentioned above, every type of bond has a different natural frequency of vibration. So next to the 

possibility to obtain a characteristic fingerprint of a compound/specific mixture, another important use of 

infrared spectroscopy is to obtain structural information about a molecule. Absorptions of each type of 

bond (N-H, C-H, OH,…  a e usuall  fou d o l  i  e tai  s all po tio s of the i atio al i f a ed egio  

(Pavia et al., 2001).  

FT-IR spectra have been taken from black pepper and from the possible adulterants black pepper husk, 

spent and pinheads, as well as papaya seeds and chili (Figure 3.4 and Figure 3.5). Relevant sample 

information about functional groups is located in the region between 3800-2800 cm−1, whereas the 

fingerprinting region is found between 1800-400 cm−1. Black pepper husk is the skin of black pepper, 

pinheads are the under-developed and broken berries of black pepper and the so-called spent material is 

obtained after the oleoresin is extracted from the black pepper berries. Oleoresin contains piperine, the 

most pungent main compound in black pepper (Figure 3.3).  
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Figure 3.3: Structure of piperine 

From FT-IR spectral information, pepper oleoresin has shown to have mainly bands due to =C-O-C 

stretching vibrations at 1194 cm-1 and 1252 cm-1 as well as CH2 wagging vibrations at 996 cm-1, which is in 

correspondence with the specific signals at 1633 cm−1, 1580 cm−1, 1252 cm−1 and 996 cm-1 for piperine 

(Schulz, Baranska, Quilitzsch, Schütze, & Lösing, 2005). The respective bands are regarded as diagnostic 

signals, which distinguish the black pepper fruits from husk, pinheads and spent material. The latter are 

expected to contain no or very little rests of oleoresin (Figure 3.4). 

 

Figure 3.4: Avergaged FT-IR raw spectra of black pepper, husk from Vietnam, husk from India and pinheads. Spectral regions 

without relevant sample information are grey shaded . 

The differences between black pepper fruits and foreign plant material like papaya and chili are more 

obvious with the most significant variations allocated in the fingerprinting region as seen in Figure 3.5. 
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Figure 3.5: : Avergaged FT-IR raw spectra of black pepper, chili and papaya. Spectral regions without relevant sample 

information are grey shaded. 

3.2.1.2 Near infrared spectroscopy 

In the NIR region of 700-2500 nm (14000–4000 cm− ) absorptions of overtones or combinations of 

fundamental stretching bands occur. The bands, usually caused by C,H,N or O stretching are weak in 

intensity and very often overlapping. NIR spectroscopy is therfore less useful for identification purposes 

compared to mid-infrared, but in combination with multivariate data analysis techniques the relevant 

information can be exracted. NIR spectroscopy is used for both quantitative analytic models as well as 

qualitative classification models (Lohumi et al., 2015). However, past uses of NIR focused almost exclusively 

on the capability of NIR spectroscopy to provide targeted calibration to important food composition 

parameters, while not many applications have been developed that rely on the capability of NIR 

spectroscopy to provide a non-targeted fingerprint or signature of raw food material (Sørensen, Khakimov, 

& Engelsen, 2016). In the presented study the capability of NIR spectroscopic fingerprints is used to 

distinguish black pepper from the possible adulterants. In the NIR raw spectra of Figure 3.6 and Figure 3.7, 

differences between the sample can be revealed which in combination with chemometrics have the 

potential to be exploited for classification models. 
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Figure 3.6: Avergaged NIR raw spectra of black pepper, husk from Vietnam, husk from India and pinheads. Spectral regions 

without relevant sample information are grey shaded. 

 

 

Figure 3.7: Avergaged NIR raw spectra of black pepper, chili and papaya. Spectral regions without relevant sample information 

are grey shaded 

In Near-IR spectroscopy, the radiation-pathway penetrating the sample is longer than in Mid-IR 

spectroscopy. For the Mid-IR analysis only a small amount (i.e. a spatula tip) of the testing material is 

sufficient, whereas for NIR analysis about 5 g are needed on the sample cup spinner (diameter: 3.2 cm, 

height: 1.5 cm) of the integrating sphere module of the instrument. Benefitting from larger sampling areas 
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and the ability to spin the material this method is less sensitive towards inhomogeneous sample material 

and different particle size in the sample. On the other hand very homogeneous sample material is required 

for the Mid-IR analysis, since the radiation has only a short penetration pathway into the sample and a 

small deviation will possibly bias the detected spectrum (Lawson-wood, Robertson, & Green, 2016). In turn, 

Mid-IR scores by a direct interpretation of the absorption spectrum and specific signals can be assigned to 

typical functional groups in the sample. 

3.3 Chemometrics 

Spectroscopic methods are generally used for the identification of compounds, quantification of food 

composition parameters or classification of samples by recognizing particular patterns. Spectral data 

usually consist of several thousands of variables, which can be difficult to interpret without the help of 

chemometric methods. The chemometric approach has several data handling stages from experimental 

design to the collection of results (Lohumi et al., 2015). The key steps for spectroscopic data handling are (i) 

data pre-processing (ii) exploratory data analysis (iii) model building and (iv) model validation. 

3.3.1 Pre-processing 

The pre-processing (i) of the data aims to reduce and correct for interferences such as pathlength variation, 

scattering, baseline drifts and overlapped bands, while the useful information in the dataset remain 

unaffected from this treatment (Lohumi et al., 2015). The most widely used pre-processing techniques can 

be divided into two categories: scatter-correction and spectral derivatives. Scatter-corrective pre-

processing methods include Multiplicative Scatter Correction (MSC), Inverse MSC, Extended MSC (EMSC), 

Extended Inverse MSC, de-trending, Standard Normal Variate (SNV) and normalization. Derivation and 

smoothing is often conducted by the two techniques: Norris-Williams (NW) and Savitzky-Golay (SG) 

polynomial derivative filters. There is no straight-forward strategy to apply mathematical pre-processing 

techniques that is suitable for all data and purposes. It is rather difficult to assess a proper choice of pre-

processing prior to model validation. Performing several pre-processing steps is not advisable, and as a 

minimum requirement, pre-processing should at least maintain or better decrease the effective model 

complexity (Rinnan, Berg, & Engelsen, 2009). To assess the suitability of pre-processing methods prediction 

performance parameters of the respective models are compared.  

3.3.2 Exploratory data analysis 

Prior to model development, exploratory data analysis (ii) should be conducted. The most important 

method for this purpose is the unsupervised method principle component analysis (PCA) (Varmuza & 

Filzmoser, 2009). PCA, i  so e lite atu e also des i ed as the o kho se  of ulti a iate data a al sis 
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(Sørensen et al., 2016), is a powerful and versatile method capable of providing an overview of complex 

multivariate data. PCA can be used e.g. for revealing relations between variables and relations between 

samples (e.g. clustering) and the detection of outliers (Bro & Smilde, 2014). For the inspection of the NIR 

and FT-IR datasets, a PCA has been conducted with each datasets, respectively. The score plots of the two 

first principle components are shown in Figure 3.8. It is clearly visible, that the black pepper samples are 

clustering together and are clearly separated from the other adulterants.  

 

Figure 3.8: Unsupervised PCA plot with the FT-IR (left) and NIR (right) dataset (Wilde, Haughey, Galvin-king, & Elliott, 2019)  

When applying multiple linear regression techniques on a dataset where the number of variables exceeds 

the number of samples, there is a risk of building a too optimistic model (Brereton & Lloyd, 2014). Spectral 

datasets usually contain many more variables than samples and it must be ensured that correlation with 

the classifier is not just by chance, but due to reliable differences (Westerhuis et al., 2008). PCA as an 

unsupervised method can serve as an indicator for model reliability (Worley & Powers, 2016). The principle 

components in a PCA model point in the direction of maximum variance (Bro & Smilde, 2014). Therefore 

differences between the groups are exclusively caused by the major contributors to the total variability. 

When big differences between groups appear in a PCA plot, these differences are considered as more 

reliable (Worley & Powers, 2016). In contrast, partial least square (PLS) regression is a supervised method 

for building regression models between independent variables (called X) and dependent variables (called Y) 

(Varmuza & Filzmoser, 2009). In case of partial least square discriminant analysis (PLS-DA), the Y is 

categorical meaning that it takes on one of a limited number of values. For food authentication issues, Y 

consists of the prior defined classes and X is a two dimensional matrix containing the variables and the 

measured values for the respective samples. PLS-DA models are made to find fundamental relations 

between X and Y. It aggressively forces separation between experimental groups and can therefore find 

smaller sources of variation in order to maintain group separation. These smaller variations might be less 
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reliable and therefore also less viable for a generalised model (Worley & Powers, 2016). The score plot of 

the first two components of the PCA models generated by the FT-IR and NIR data show separation between 

the groups of black pepper and the possible adulterants (Figure 3.8). Thus, it is indicated that the 

differences between the groups are based on reliable variation in the dataset.  

3.3.3 Model development and model validation 

The theoretical background about (iii) model development and (iv) model validation procedure is described 

in the introduction section of this thesis (Chapter 1.5.3). Many different classification models can be 

applied to multivariate data sets. To predict the most suitable method for a certain scientific issue and data 

situation can be difficult. A trial and error principle is often recommended (Creydt & Fischer, 2018). 

Classifi atio  app oa hes a  e sepa ated i  t o lasses, o e is alled lass odelli g  elo gi g to the 

soft odelli g app oa hes  a d the othe  dis i i a t a al sis  elo gi g to the ha d odelli g 

approaches) (Paolo Oliveri & Downey, 2012). For the black pepper FT-IR and NIR datasets, one model from 

each group has been tested. First, the discriminant analysis approach was applied by using an orthogonal 

partial least square discriminant analysis (OPLS-DA) classification model. Secondly, the one-class soft 

independent modelling of class analogy (OC-SIMCA) has been selected as a model belonging to the class 

modelling approaches. The prediction performance of both models evaluated based on their ability to 

correctly classify pure black pepper samples and black pepper samples that were mixed with adulterants 

(papaya seeds, chili, black pepper husk and black pepper spent material). Adulteration levels from 10-40% 

were used. 

3.3.4 Hard-modelling approach: OPLS-DA classification 

A binary OPLS-DA classification model with typical samples (black pepper) and atypical samples 

(adulterants and mixed black pepper) has been developed and validated. For the model development  

7-fold cross-validation was used, and afterwards the prediction performance of the model was evaluated 

based on the classification performance of an external test set. The workflow for the binary o-PLSDA model 

is shown in Figure 3.9. 
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Figure 3.9: Workflow for the binary OPLS-DA classification model, including PCA reliability check, pre-processing, model 

development and finally internal and external validation 

The conducted model development and validation procedure corresponds to level 2 in Figure 1.7, since 

cross-validation was used to develop and optimise the model and afterwards the model was examined with 

an independent test set. The results of this study are presented in manuscript 3 (Appendix VI). 

3.3.5 Soft modelling approach: OC-SIMCA 

For the OPLS-DA model black pepper samples (in specification samples) and the pure adulterants (out of 

specification samples) were used for the model development. In contrast, for the OC-SIMCA model only 

black pepper samples (in specification samples) are applied for the model generation step.  

The workflow to conduct the OC-SIMCA model was based on an example given in a study about non-

targeted detection of paprika adulteration (Horn et al., 2018). The data processing has been performed 

using the R software version 3.5.3 (R Development Core Team, 2018), the detailed description about 

applied packages and functions can be found in the Appendix II.  
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The 115 black pepper samples (in-specification samples) were used to generate the one-class SIMCA model. 

The dataset was randomly split into a training set (74%, 85 black pepper samples) and a test set (30%, 35 

black pepper samples). The training set was used for model development and internal validation. In total 15 

principle components (PCs) were calculated for each model. This step was repeated one hundred times, 

which means that 100 models with different black pepper sample combinations were built and tested. All 

100 models were run with the respective black pepper and mixed black pepper test sets. The optimal 

number of PCs for the final OC-SIMCA model was chosen based on the sensitivity rate that was determined 

for the black pepper samples of the test set. Here, the sensitivity rate closest to the value 80 was selected. 

The workflow for the one-class SIMCA model is shown in Figure 3.10. 

 

Figure 3.10: Workflow for the one-class Simca (OC-SIMCA) model, including pre-processing, model development, internal 

validation with pepper samples and external validation with pure black pepper samples and mixed black pepper samples 

 

  



  

64 
 

This model development and validation procedure corresponds also to level 2 of Figure 1.7, since cross-

validation was used to develop and optimise the model and afterwards the model was tested with 

independent test sets. Test set 1 was used to calculate the sensitivity rate and test set 2 was used for the 

calculations of specificity rate. OC-SIMCA models were built for both NIR and the FT-IR datasets, 

respectively. The performance parameters for the NIR dataset are summarised in Table 3.2 and the 

parameters for the FT-IR dataset in Table 3.3. Since 100 models were developed, the average and standard 

deviation for the sensitivity and specificity rates across the 100 models were calculated.  

Table 3.2: Performance parameters of the OC-SIMCA models on the NIR data set of authentic and mixed black pepper. All given 

values represent average values (±standard deviation) of 100 OC-SIMCA models. Sensitivity rates were calculated for the training 

set and test set of the black pepper samples, specificity rates from the mixed black pepper samples.  

NIR   Sensitivity rate [%] Specificity rate [%] 

Pre-processing 

No. 

of 

PCs 

Black 

pepper 

samples 

(test set) 

Black 

pepper 

samples 

(training 

set) 

Papaya/ 

Chili 10% 

Papaya/ 

Chili 20% 

Papaya/ 

Chili 30-

40% 

Spent/ 

Husk 

10% 

Spent/ 

Husk 

20% 

Spent/ 

Husk 30-

40% 

none 10 79±11 85±2 29±20 84±10 100±0 26±21 81±20 99±2 

SVN 9 80±10 86±2 11±12 64±30 95±7 20±17 72±26 100±0 

1 st derivatives, SG 9 80±9 84±2 56±13 98±5 100±0 52±26 100±0 100±0 

2 nd derivatives, SG 8 80±10 85±2 72±15 99±4 100±0 48±30 100±0 100±0 

1 st derivatives, SG + SNV 8 80±11 86±2 44±12 94±8 100±0 16±25 99±2 100±0 

2nd derivatives, SG + SNV 8 81±10 86±2 66±11 100±0 100±0 18±27 94±10 100±0 

SNV+ 1 st derivatives, SG 10 81±11 85±2 49±15 94±10 100±0 44±30 100±0 100±0 

SNV+ 2 nd derivatives, SG 8 81±10 86±2 66±11 100±0 100±0 18±27 94±10 100±0 

 

Table 3.3: Performance parameters of the OC-SIMCA models on the FT-IR data set of authentic and mixed black pepper. All given 

values represent average values (±standard deviation) of 100 OC-SIMCA models. Sensitivity rates were calculated for the training 

set and test set of the black pepper samples, specificity rates from the mixed black pepper samples.  

IR  
Sensitivity rate [%] Specificity rate [%] 

Pre-processing 

No. 

of 

PCs 

Black 

pepper 

samples 

(test set) 

Black 

pepper 

samples 

(training 

set) 

Spent/ 

Husk 10% 

Spent/ 

Husk 

20% 

Spent/ 

Husk 30-

40% 

Papaya/ 

Chili 10% 

Papaya/ 

Chili 

20% 

Papaya/ 

Chili 30-

40% 

none 6 79±9 87±2 14±16 99±5 100±0 92±8 100±0 100±0 

SVN 6 78±8 84±2 40±8 100±0 100±0 92±8 100±0 100±0 

1 st derivatives, SG 3 80±8 85±2 0±0 40±21 100±0 50±0 100±0 100±0 

2 nd derivatives, SG 4 79±10 87±2 14±6 84±4 100±0 83±0 100±0 100±0 

1 st derivatives, SG + SNV 4 80±8 87±2 17±0 100±0 100±0 69±7 100±0 100±0 

2nd derivatives, SG + SNV 3 81±9 88±2 19±6 86±6 100±0 54±7 100±0 100±0 

SNV+ 1 st derivatives, SG 4 81±10 87±2 15±6 97±7 100±0 66±9 100±0 100±0 

SNV+ 2 nd derivatives, SG 3 81±9 89±16 17±0 83±0 100±0 54±7 100±0 100±0 
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The standard deviations of the respective sensitivity and specificity rates of the test sets are quite large. 

When only a limited amount of samples are available, the repetition of the model development and model 

validation step with different combinations of the sample set is advisable, since it provides information 

about the reliability of the estimated prediction performance. Pre-processing has a quite big influence on 

the prediction performance of the OC-SIMCA models. For the NIR data set, the best prediction performance 

can here be obtained when the data were pre-processed with 2nd derivatives, while for the FT-IR datasets 

the best prediction performance was obtained using SVN, when comparing the sensitivity and specificity 

rates of the test sets. The prediction performance for the models based on the FT-IR data is stronger than 

the NIR model for the black pepper that was mixed with 20% of adulteration material. For the samples with 

only 10% of spent and husk material both dataset are showing poor sensitivity rates. All black pepper 

samples that were mixed with 30-40% adulterant were recognised as adulterated. 

3.3.6 OPLS-DA versus OC-SIMCA 

To compare the performance of the OPLS-DA model that was presented in manuscript 3 (Appendix VI) and 

the OC-SIMCA model, the model versions providing the most efficient rates for sensitivity and specificity 

are listed in Table 3.4. Sensitivity describes the percentage of correctly classified black pepper samples from 

the respective test sets, and the specificity rate, the correctly classified mixed (adulterated) black pepper 

samples. For OC-SIMCA 100 repetitions in the model building step were conducted, therefore an average 

value and standard deviation are given. Since for the OPLS-DA model generation the pure adulterants were 

included, and not many of these were available, only one model was generated. It can still be seen, that the 

results of the OPLS-DA models provide higher sensitivity and specificity rates than the OC-SIMCA models.  

Table 3.4: Sensitivity and specificity rates of the oPLS-DA model and OC-SIMCA model. The sensitivity rate describes the correctly 

classified black pepper samples in the respective test sets, and the specificity rate the correctly classified mixed black pepper 

samples from the respective test sets.  

Model Dataset Sensitivity rate [%] Specificity rate [%] Pre-processing 
No. of 

Components 

OPLS-DA 
NIR 90 100 SNV+ 1st derivatives, SG  5 

FT-IR 93 98 SNV+ 1st derivatives, SG  4 

OC-SIMCA 
NIR 80±10 90±4 2nd derivatives, SG  8 

FT-IR 80±8 94±0 SVN 7 

 

The outcome of these exemplarily chosen models belonging to the discriminant modelling (OPLS-DA) and 

the class modelling (OC-SIMCA) is in accordance with previous findings in the literature. Approaches from 

discriminant-classification are in many cases -apparently- better than from class modelling (Paolo Oliveri & 

Downey, 2012). Since discriminant-classification approaches forces separation between experimental 
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groups it also finds smaller sources of variation to maintain the separation between them. Even though this 

often leads to an efficient separation of the groups, it also bears a high risk of an over-optimistic perception 

of the prediction ability of a model. It is of utmost importance to have representative sample sets from 

each group included in the model. If prior knowledge about possible adulterants is available, like e.g. black 

pepper husk and spent material in black pepper, representative sample sets of these adulterants could be 

collected to take advantage of the efficiency of discriminant analysis techniques. However, intensive 

alidatio  of su h ethods is e ui ed to ake su e that the  a e ot o l  appa e tl , ut eall  ette  

than a class modelling approach.  

3.3.7 Hard or soft-modelling approach for black pepper authentication? 

The approach of combining vibrational spectroscopic techniques with chemometrics for the detection of 

adulterants in black pepper gives an impetus to expand this approach by further samples, validation and 

system challenges. In this case however, the scope of the planned database must be considered in detail. If 

a  algo ith  elo gi g to the g oup of the ha d odelli g  app oa hes is i te ded, a ep ese tati e 

sample set from black pepper and from each of the possible adulterants included in the model is 

indispensable. If this cannot be reached, the use of discriminant analysis techniques should be avoided and 

a soft odelli g  lassifi atio  should e p efe ed, si e it o l  e ui es to ha e a suffi ie t sa ple set of 

in-specification samples (in this case a representative sample set of black pepper). It will be less difficult to 

collect a representative sample set only of authentic black pepper than an exhaustive sample set from all 

possible adulterants. Furthermore, it is very often not known which adulterants might be mixed into black 

pepper. In December 2018 it was for instance reported that five people in Vietnam were arrested, because 

they had blended a battery-dyed compound of gravels and coffee bean skins into black pepper to sell for 

more profit. They had opened old batteries to obtain the black manganese dioxide powder and mixed it 

ith ate  to o tai  thei  o  d e  (Son, 2018). To detect completely unexpected adulterants, class 

modelling techniques are most likely more appropriate. Even though it might by chance happen that a 

discriminant model includes a delimiter for a specific expected adulterant, which is also efficient for other 

adulterants. However, class-modelling focuses on any kind of deviation from the characterised in-

specification group and is therefore expected to be more generic. Moreover, in case the demands on 

representative sample sets for a discriminant classification approach are fulfilled, they suffice at the same 

time for the one class modelling approach. Therefore, applying one class modelling approaches is always 

recommendable. 
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3.4 Conclusion and future perspective 

In the feasibility study presented in manuscript 3 (Appendix VI), the potential of NIR and FT-IR spectroscopy 

for a rapid screening of ground black pepper was shown. A non-targeted fingerprinting approach in 

combination with chemometric methods was applied to detect adulterants such as papaya seeds and chili, 

but also adulterants from the black pepper plant itself like husk, pinheads and spent materials. The results 

of this proof-of-principle study give an impetus to expand this approach for further validation and system 

challenges. Considering the huge volume of worldwide traded black pepper, a fast, cheap and easy to use 

surveillance method is needed to counterfeit fraud in an efficient way. 

A big advantage of spectrometric methods combined with chemometrics lies in the fact that once a 

database is established and a suitable data analysis protocol is determined, a new sample can be screened 

within a few minutes. With a suitable user interface, even non-specialist personnel can undertake sample 

analysis (Wilson, Colquhoun, & Kemsley, 2001). Spectroscopic techniques are non-destructive and usually 

require no or only little sample preparation (Lohumi et al., 2015), e.g. in this study the black pepper corns 

were ground to a homogeneous powder using a ball mill. The low requirements for the sample preparation 

and recent progress in the development of hand-held, portable equipment for vibrational techniques open 

the opportunity, that the sample analysis can not only be carried out in laboratories, but also in the 

production line itself, or at retail distribution and point-of-sale (Downey, 2013). In addition, with the 

development of new sample holders and sample probes, continuous sample streams can be measured with 

high volume efficiency and frequency. This real-time process monitoring through fingerprinting of complex 

process streams using spectroscopic sensors represents a silent revolution in industrial quality control in 

the last couple of years (Sørensen et al., 2016). Despite the high potential of these techniques, limitations 

and challenges connected with these applications should be recognized. Non-targeted screening 

techniques are usually not as sensitive as targeted analysis methods. Moreover, a prior reference database 

must be established and maintained, which can, depending on the scope of the database, be more or less 

cost and time intensive. However, spectroscopic techniques allow cheap and fast controls of samples and 

therefore provide an efficient complementary option to other wet-chemical and time-consuming methods. 

Due to the many advantages of spectroscopic techniques their potential is expected to be more and more 

realized in the future.  
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4 Testing adulteration of bergamot oil by chiral GC-MS 

This chapter describes the investigation of bergamot oil samples by targeted and non-targeted analysis. The 

material and method part can be found in the Appendix III. In a first approach the presence of synthetic 

compounds pre-known to be added to bergamot oil was checked and evaluated in a targeted analysis. 

Then, the respective GC-MS datasets were used for a non-targeted analysis approach. The three 

dimensional GC-MS dataset was decomposed by parallel factor analysis 2 (PARAFAC2) and the resulting two 

dimensional matrix was applied to multivariate classification methods. Evaluation of the non-targeted 

analysis is ongoing and not yet finished. Therefore, not more than the underlying evaluation idea and 

preliminary results are presented here. The non-targeted analysis of the GC-MS dataset was conducted in a 

joint work with Philip Johan Havemann Jørgensen, currently PhD student at DTU Compute, Department of 

Applied Mathematics and Computer Science. Additionally, a part of the samples were analysed by FT-IR 

analysis and these different approaches are compared with each other.  

4.1 Background: Bergamot oil 

Bergamot (Citrus bergamia , also k o  as the „p i e of the Cit us ge us , is pa ti ula l  popula  e ause 

of the desirable flavour of its essential oil obtained from the peel (Giovanni Dugo & Bonaccorsi, 1993). 

Bergamot oil is commercially important because it constitutes the base of cologne water (eau de cologne) 

(IFEAT, 2017), but it is also used in food and beverages. It is for example added to candy, baked goods, 

desserts and jams and is an essential ingredient of the well-known tea blend Earl Grey (Giovanni Dugo & 

Bonaccorsi, 1993). The average crop of bergamot essential oil is around 100 tons/year, with a range going 

from min. 55 tons to max. 140 tons in the last 20 years (Arrigo, 2019). In total, 90% of the bergamot is 

cultivated in Italy (Calabria), the rest at the Ivory Coast and Brazil (IFEAT, 2017).  

Different methods for the extraction of the essential bergamot oil are known. The basic process for 

extraction of high-quality essential oils is cold pressing (mainly by pelactrice extractors, sometime brown 

extractors), whereas distillation is only rarely used (Arce & Soto, 2008; Giovanni Dugo & Bonaccorsi, 1993). 

Bergamot oil contains furocoumarins, of which the compound bergapten is a known problem because of its 

phototoxicity. Therefore the bergaptene content, and for colourless perfumes even the whole 

furocoumarin content, is often eliminated, whereby the remaining analytical chemistry characteristics are 

ideally not modified (Giovanni Dugo & Bonaccorsi, 1993). 

Bergamot oil is often subject to economical motivated adulteration by industrial and commercial operators 

(Bonaccorsi & Schipilliti, 2013). I dust  i side  a e e e  esti ati g that the o ld ide sales fo  so alled  

bergamot oil is approximately 800 tons, which is almost the eight fold of the annual crop and would require 
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that the pure oil is either diluted or has even been completely replaced (Arrigo, 2019). Several possible 

adulterants are considered as likely to be added to bergamot oil. Among others are the additions of non-

citrus oils like mineral oils, natural or synthetic compounds like e.g. 4-methoxychalcone, cheaper citrus oils 

or their terpenes (mainly obtained from sweet orange), oil residues from cold extraction, and the addition 

of synthetic or natural linalool and linalyl acetate known as adulterants (Bonaccorsi & Schipilliti, 2013).  

Several studies have been devoted to characterise bergamot essential oil and to detect adulterations that 

have been used for dilution. High-resolution gas-chromatography (HRGC) had been used to determine the 

composition of 432 bergamot essential oil samples, including the analysis of seasonal variations of the 

composition of the bergamot oils (Giovanni Dugo et al., 1991). The main components of bergamot oil are 

limonen, linalool and linalyl acetate, which are all chiral compounds.  

Chirality means the geometric property of a rigid object (or spatial arrangement of points or atoms) of 

being non-superposable on its mirror image; such an object has no symmetry elements of the second kind. 

A compou d ith the p ope t  of hi alit  is alled hi al . E a tio e s a e ole ula  e tities hi h a e 

mirror images of each other and non-superposable (IUPAC, 1997). Using the internationally accepted Cahn-

Ingold-Prelog nomenclature, two enantiomers can be differentiated in R and S configurations (Berthod, 

2010). In  

Figure 4.1 the structure of the two enantiomers (S)- and (R)-Linalool are illustrated.  

 

Figure 4.1: The two enantiomers (S)- and (R)-Linalool. The blue line illustrated the mirror axis. 

A racemate is an equimolar mixture of a pair of enantiomers (IUPAC, 1997). Many natural products and 

biomolecules exist as a single enantiomer. In the biosynthetic process usually enzymes are involved, that 

are chiral catalysts which often exhibit very high selectivity for just one enantiomer. In contrast, when in 

synthetic chemical reactions new chiral compounds are produced, both enantiomers have an equal chance 

to be produced (R. V. Hoffman, 2004).  

https://goldbook.iupac.org/html/S/S06144.html
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Chiral compounds can be separated by chromatographic techniques, when a column with a chiral 

stationary phase is used. A chiral stationary phase incorporates a chiral selector and has therefore 

differently strong interactions with the two enantiomers (IUPAC, 1997).  

A mixture of limonene, linalool acetate and linalyl acetate were injected into a GC with a chiral column and 

as shown in Figure 4.2, all three pairs of enantiomers are separated.  

 

Figure 4.2: Separation of the enantiomers of limonene, linalool and linalyl acetate 

Cold-pressed and processed bergamot oils usually have an excess of the (R)-enantiomers of about 99%  

(G. Dugo et al., 2012). A deviation from this expected enantiomeric ratio indicates that the bergamot oil has 

been blended with synthetic compounds, as these usually contain both enantiomers in almost equal 

proportions. Moreover, production methods like hydrodistillation of bergamot oils have been reported to 

lead to a racemization of linalool and a hydrolization of linalyl acete (König, Fricke, Saritas, Momeni, & 

Hohenfeld, 1997).  

The optical purity of these main compounds in cold pressed bergamot oil has been used to verify the 

authenticity of added bergamot oil to Earl Grey teas (Neukom, Meier, & Blum, 1993) and also to pure 



  

71 
 

bergamot oils (Ravid et al., 2009). Mo eo e , a  isotopi  fi ge p i t  ould e dete i ed  a al si g the 

13CVPDB-values of characteristic compounds by GC-IRMS. Isotopic carbon authenticity ranges were defined 

and adulterated samples were detected by deviation from these thresholds (L Schipilliti, Dugo, Santi, Dugo, 

& Mondello, 2011). Other authors also suggested to combine quantification of the enantiomers by 

enantioselective multidimensional gas chromatography (enantio-MDGC) and determination of the 13CVPDB-

values of these compounds at the same time for an unambiguous authentication (Mosandl & Juchelka, 

1997).  

The non-volatile fraction of bergamot oils was characterised by high-pressure liquid chromatography 

(HPLC) as well as high-pressure liquid-chromatography-mass spectrometry-ion trap-time of flight (HPLC-

M(S)-IT-TOF) (G. Dugo et al., 2012). Moreover has UHPLC/TOF-HRMS been used to analyse the non-volatile 

oxygenated heterocyclic compounds of bergamot essential oil and six other citrus oils. A classification 

model was built by the application of PLS-DA, which allowed to identify bergamot oil blended with other 

it us oils ith a high se siti it  fo  a  adulte atio  ate of % (Masson et al., 2016). A similar rapid 

approach, based on paper spray mass spectrometry (PS-MS) for bergamot oil samples that were diluted 

with other citrus oils to a rate of 30%, has furthermore shown very good prediction abilities when applying 

LDA and SIMCA classification algorithms (Taverna et al., 2016).  

The complexity of an essential oil constitutes a real challenge considering the enormous number of 

constituents and, in some cases, the importance of trace components for the specific character of an 

essential oil (König et al., 1997). In the present study, chiral-GC-MS coupled with parallel factor analysis 2 

(PARAFAC2) is used for a holistic screening of the volatile fraction of bergamot oils. The results of this 

approach were compared with targeted-analysis of the same GC-MS data set. Moreover, a part of the 

samples has been analysed by FT-IR. The capability of detecting deviations from the three approaches are 

compared and evaluated. 

4.2 Non-targeted GC-MS data analysis 

The targeted analysis of the (S)-enantiomers of the chiral main compounds in bergamot oil is an efficient 

way to detect additions of synthetic compounds. But targeted approaches have the disadvantage that the 

remaining information contained in the food matrix is neglected. The application of non-targeted strategies 

is more holistic, however, data handling and full exploitation of data generated by GC-MS is a challenge 

(Vestner et al., 2016). Various peak integration algorithms and software packages are available (Furbo & 

Christensen, 2012; Vivó-Truyols, Torres-Lapasió, Van Nederkassel, Vander Heyden, & Massart, 2005; Dixon, 

Richard G., Helena A., Novotny, & Dustin J., 2006). But the automated peak integration remains 

troublesome because peaks are erroneously integrated or algorithms cannot deal with co-eluting peaks 
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(Vestner et al., 2016). Automated peak integration usually needs to be carefully checked which can be very 

time-consuming. Moreover, to compare the chromatograms of different samples, retention time alignment 

of the chromatograms is required to compensate for the peak shift. Peak shifts are unavoidable over time 

when using chromatographic methods (Vestner et al., 2016). The combination of conventional data analysis 

approaches with non-targeted GC-MS analysis is therefore not practical enough to find a wide spread 

application. An alternative, more comprehensive approach for raw GC-MS data processing is the use of the 

PARAFAC2 model, which overcomes most of the hurdles of the conventional approaches like overlapping 

peaks and retention time shifts (Johnsen, Skou, Khakimov, & Bro, 2017). The implementation of PARAFAC2 

usually requires mathematical expert users and extensive coding. In our study we made use of the freely 

a aila le soft a e PA‘AFAC  ased De o olutio  a d Ide tifi atio  “ ste  PA‘ADI“e . The soft a e 

provides graphical user interface (GUI), and detailed instruction is given (Bro, 2013). The implementation of 

respective models is therefore easily accessible even for non-mathematical users (Johnsen et al., 2017). In 

short: the input to the PARADISe software are the raw data matrices of the samples, which can be 

considered as a three-dimensional data cube (scan number x mass-to-charge ratio x samples). The output is 

a two-dimensional report that contains the relative concentration of each chemical compound for all the 

included samples. This two-dimensional data-matrix could subsequently be used for the application of 

multivariate data analysis.  

A more detailed workflow is given in Figure 4.3. The data were exported from MSD chemstation 

(D.01.02.16) as text.files, and then loaded as MATfile, a data file format of MATLAB into the PARADISe 

software. In the second step the intervals were selected manually through an interactive total ion 

chromatogram (TIC) plot. In the third step the PARAFAC2 model is resolving the underlying and possibly 

overlapping compounds in each interval separately. In the fourth step the most suitable number of 

chemical components must be manually chosen among the resolved models of the previous step by 

evaluating the decompositions. At this step the baseline can also be removed. In the fifth step the 

compounds are identified based on the mass spectra. When the paradise software is connected with the 

mass spectral library of the National Institute of Standard and Technology (NIST), the compound name can 

directly be identified and added to the final report (compound table) (Johnsen et al., 2017). 
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Figure 4.3: Workflow for the PARAFAC2 model from loading raw data to generation of final report adapted from Johnsen et al., 

2017 

The strengths of the PARAFAC2 model are (1) that it is able to deconvolute extremely small peaks directly 

from the raw data, (2) that baseline contributions are removed, (3) that it can handle retention time drifts 

(as long as the shift is taking place within the selected intervals, and finally (4) as one of the huge 

advantages the ability to deconvolute overlapping peaks. However, PARAFAC2 model fails to deconvolute 

peaks in one interval, when two different compounds co-vary completely in their concentrations and when 

they have identical mass spectra. The latter case is especially relevant for the deconvolution of enantiomers 

since the mass spectra is identical. To not get the concentration level of the combined peaks, it is required, 

to define separate intervals for each enantiomer (Johnsen et al., 2017).  

4.3 Evaluation: Targeted analysis of commercial bergamot oil samples (GC-MS) 

For evaluation of the commercial samples, the enantiomeric ratio of the three main components has been 

investigated. The evaluation from 15 commercial samples is presented in Table 4.1. Furthermore, by visual 

inspection the raw chromatograms of the commercial samples were compared with the raw spectra of 

authentic samples (Appendix III).  
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Table 4.1: Enantiomeric ratio of R/(S)- Limonen, Linalool and Linalyl acetate in the commercial bergamot oil samples 

Sample 

No. 
Declaration Origin 

Limonen Linalool Linalyl acetate 

Evaluation 

(targeted 

analysis) 

R S R S R S  

 

authentic bergamot oil * 

 

>97%   >99%   >99%     

1 
100% organic essential 
oil  

internet 99 1 100 0 98 2 ok 

2 pure essential oil internet 100 0 47 53 47 53 deviation 

3 
essential oil organic 
pure 

internet 97 3 100 0 97 3 ok 

4 
100% Pure essential oil, 
bergamot furocumarin 
free 

internet 99 1 57 43 54 46 deviation 

5 
bergamot Sicilian 100% 
pure essential oil 

internet 100 0 63 37 66 34 deviation 

6 
100% organic essential 
oil  

internet 99 1 100 0 98 2 ok 

7 pure essential oil internet 99 1 100 0 97 3 ok 

8 
essential oil organic 
pure 

internet 99 1 100 0 69 31 deviation 

9 
100% organic essential 
oil  

internet 98 2 100 0 98 2 ok 

10 
100% organic essential 
oil, distilled 

internet 100 0 0 0 0 0 deviation 

11 pure essential oil internet 98 2 47 53 54 46 deviation 

12 
essential oil organic 
pure 

internet 99 1 100 0 98 2 ok 

13 
100% Pure essential oil, 
Bergamot furocumarin 
free (steam distilled) 

internet 98 2 100 0 89 11 deviation 

14 bergamot Oil retailer 98 2 100 0 100 0 ok 

15 bergamot oil retailer 99 1 100 0 98 2 ok 

*In this reference cold pressed bergamot oils samples, as well as processed bergamot oils (bergapten-free, concentrated and 

distilled) were investigated (G. Dugo et al., 2012). 

Two of the bergamot oil samples were bought in a shop, while the rest of the samples were ordered online. 

The two samples from the retailer (no. 14 and 15) and six of the samples bought online (no.1, 3, 6, 7, 9 and 

12) look inconspicuous. However, seven of the thirteen samples that were bought online show a high 

deviation from the expected enantiomeric ratio. Four of the samples (No.2, 4, 5, 8 and 11) show a high 

amount of (S)-linalyl acetate (34% to 53%), which is an indication that synthetic linalyl acetate was added to 

the samples. Samples no. 13 is showing a lower concentration of (S)-linalyl acetate, however, a percentage 

of 11% is still higher than the values that were reported in the literature for cold pressed bergamot oil. 

“a ple u e   as la elled to o tai  stea  distilled  e ga ot oil. The distillatio  of the e ga ot 

oils can lead to significant changes compared to the cold pressed bergamot oil. Steam distillation hydrolysis 
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for example was reported to result in total loss of linalyl acetate and completely racemized linalool. 

However, configuration of linalyl acetate was reported to remain stable even under drastic conditions 

(König et al., 1997), therefore the appearance of (S)-linalyl acetate should not be expected. Sample no. 10 

and 11 showed a chromatographic fingerprint completely different to authentic bergamot-oil samples. It is 

the efo e possi le, that these sa ples e e ot o l  diluted, ut e e  o pletel  e o stituted . I  

summary, 54% of the limited samples (N=13) that were bought online are highly suspicious to be fraud 

based on the evaluation by targeted analysis.  

4.4 Non-targeted analysis of bergamot oil samples (GC-MS) 

The data from the GC-MS data set has been also used for a non-targeted analysis approach. The workflow 

is described in Figure 4.4. Data were pre-processed by decomposing the measurements into the chemical 

components and their concentrations across all samples using the PARAFAC2 model followed by correcting 

them with the internal standard and normalizing the features to zero-mean and unit-variance. This resulted 

in 78 features. The PARADISe software was used for applying the PARAFAC2 model (Johnsen et al., 2017). 

Here, (R)-limonene was used as internal standard since it naturally appears in all samples under study. 

Alternatively a specific concentration of an external compound could have been added to the sample that 

does not naturally occur in bergamot oil samples. For the class modelling the software Python (version 

3.7.3) was used. After pre-processing, unsupervised PCA was used for exploratory data analysis. For model 

development the class-modelling method was fitted with a 5-fold cross-validation to identify the optimal 

parameters using only authentic samples. The class-modelling methods attempted to include an one-class 

SVM as implemented in the python package Scikit-learn (Pedregosa, Weiss, & Brucher, 2011), and the dual 

data-driven PCA/SIMCA (DD-SIMCA) model (Pomerantsev & Rodionova, 2014), for which the authors kindly 

have made an implementation in MATLAB available as referenced in their paper. The optimal parameters 

of the one-class SVM were found by a grid search to be an radial basis function kernel with 1/(number of 

features) as coefficient and nu equal to 0.05. The DD-SIMCA method was tested with 3 to 15 components 

where 3 was found to be the optimal number. Afterwards the optimal models were used for making 

predictions for both the commercial and diluted samples no matter whether they were authentic or not. 

The prediction outcome for the commercial samples was compared with the evaluation of the targeted 

analysis and the measurements on the FT-IR instrument. 
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Figure 4.4: Workflow for the classification model based on the data generated from the PARAFAC2 model 
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4.5 Evaluation: Non-targeted analysis of bergamot oil samples (GC-MS) 

First, unsupervised PCA was used for exploratory data analysis of the authentic bergamot oil samples. The 

score plot of the first two principle component is illustrated in Figure 4.5. In this score plot there are no 

trends recognizable, even though different production methods were applied to these oils. However, one 

of the authentic samples is deviating from the other authentic samples. Most probably this deviation is 

caused by the production method of this sample, since this is the only distilled bergamot oil (using 

pe ato e  distillatio  i  the g oup of the authentic samples. Peratoner bergamot oils were reported to 

show a wide range of compositional variability (G. Dugo et al., 2012). This deviating sample has therefore 

been taken out for further model generation. However, it must be noticed, that only very little of the 

variance (9.22%) in this data set is explained by the first two principle components. 

 

Figure 4.5: PCA score plot of the authentic bergamot oil samples. The bergamot oil samples are labelled based on the 

information provided by the producer. (This score plot was made with the software R (version 3.5.3) using the pca und 

plotscores functions of the mdatools package (Kucheryavskiy, 2018)) 

Moreover, PCA has also been applied to the dataset of commercial and authentic samples (Figure 4.6). A 

quality control standard (red) was repeated during the measurements, to ensure that the analysis was 

conducted under stable conditions. The commercial sample number 10 has been omitted, since this sample 

was too different from all other samples. This is in accordance with the observations of the targeted 

analysis (see above, and can also be seen in the TIC chromatogram of this sample, Appendix III). For sample 

2, 4, 5 and 11 the (S)-enantiomers of linalool and linalyl acetate were found by targeted analysis. These four 

samples can be seen to be distributed on the left side of the score plot. For sample number 8 and 13 the 
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(S)-linalyl acetate was found, however, in this score plot they can be found in the middle of the authentic 

bergamot oils samples. Sample number 3 is showing a distance to the authentic bergamot oil sample, this is 

especially surprising since this sample was evaluated as inconspicuous by targeted analysis.  

 

Figure 4.6: Score plot of the authentic and commercial bergamot oil samples. (This score plot was made with the software R 

(version 3.5.3) using the pca und plotscores functions of the mdatools package (Kucheryavskiy, 2018)) 

The bergamot oil volatile fraction can vary greatly depending on the harvest period and the geographic 

origin (G. Dugo et al., 2012). This is probably the reason, why the sample number 8 and 13 do not deviate 

from the authentic samples in this score plot, that only describes very little of the overall variance in this 

dataset (5.6%). Even though (S)-linalyl acetate was detected in this samples, which does not occur in all the 

authentic samples, the deviation of this one feature does not directly lead to a complete deviation of the 

overall composition. Therefore, the deviations due to natural fluctuation are higher than those caused by 

the appearance of this one extra compound.  

However, based on the 36 remaining authentic samples one-class SVM as well as a DD-SIMCA model were 

generated and the commercial samples were tested. Both models lead to the same classification of the 

commercial samples. The samples that can be found on the left side of the PCA score plot [2, 3, 4, 5, 9, 11, 

14] and also sample number 10 were classified as out- of spe ifi atio . The est of the sa ples [ , , , , 

12, 13 and 15] were classified to be authentic bergamot oil.  
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4.6 Non-targeted analysis of bergamot oil samples (FT-IR) 

In addition, a part of the commercial and authentic bergamot oil samples was analysed by FT-IR (the 

method description is analogue to the measurements of the black pepper samples (manuscript 3, Appendix 

VI). Chiral compounds cannot be distinguished by FT-IR analysis, but deviations caused by drastic changes in 

the composition or foreign compounds will be detected with this technique. Unsupervised PCA was 

conducted with this dataset, which revealed, that sample number 3 and sample number 10 deviate from 

the rest of the authentic and commercial bergamot oil samples. 

 

Figure 4.7: PCA score plot of FT-IR dataset of authentic and commercial bergamot oil samples. (This score plot was made with 

the software R (version 3.5.3) using the pca und plotscores functions of the mdatools package (Kucheryavskiy, 2018)) 
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4.7  Summary: Evaluation of commercial bergamot oil samples 

In Table 4.2 the evaluations from the different approaches are summarised. For sample number 10 all 

approaches indicate a deviation from the authentic bergamot oil samples. The evaluation of the FT-IR 

dataset must be done carefully, since it is known that this detection method does not distinguish between 

the different enantiomers. Thus, if there is no deviation from the authentic samples visible, this does not 

mean that the sample is free of e.g. (S)-Linalool or (S)-Linalyl acetate. The non-deviating samples measured 

by FT-IR are therefore indicated with orange. Despite the limited use of FT-IR for the identification of 

enantiomers, this technique can still be useful to indicate e.g. if other foreign compounds were mixed into 

the sample. This is particularly interesting for sample number 3. In the targeted analysis this sample did not 

seem to be suspicious, while a strong deviation of the authentic samples is detected by the FT-IR 

measurements, as well as in the non-targeted approach by GC-MS. The outcome of the class-modelling 

approaches can however, not be considered as very reliable regarding the detection of fraud cases. Even 

though the information about a high concentration of (S)-linalyl acetate is included in the GC-MS dataset 

for sample number 8 and 13, this is not recognised by the model. This is probably due to a stronger 

weighting given to the natural variations as compared to the deviation from adding a small amount of  

(S)-linalyl acetate. In turn, sample number 9 and sample number 14 are considered as deviating samples. 

These two samples do not significantly deviate from the authentic samples in the PCA score plot of the  

GC-MS data set (Figure 4.7), and more over the do not differ in the PCA plot of the FT-IR data set (Figure 

4.7). Therefore it is possible, that these samples are totally fine, but are not covered by the available 

sample set of authentic samples.  
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Table 4.2: Summary of the evaluation of commercial bergamot oil samples by the three different approaches 

No. Origin 

Limonen Linalool 
Linalyl 

acetate Evaluation 

(based on 

targeted 

analysis) 

Evaluation 

(based on 

SIMCA 

model) 

Evaluation 

(based on 

SVM model) 

Evaluation 

(based on FT-

IR dataset) R S R S R S 

authentic 

bergamot oil * 
>97%   >99%   

>99

% 
  GC-MS GC-MS GC-MS FT-IR 

1 internet 99 1 100 0 98 2 ok ok ok ok 

2 internet 100 0 47 53 47 53 deviation deviation deviation ok 

3 internet 97 3 100 0 97 3 ok deviation deviation deviation 

4 internet 99 1 57 43 54 46 deviation deviation deviation ok 

5 internet 100 0 63 37 66 34 deviation deviation deviation Not analysed 

6 internet 99 1 100 0 98 2 ok ok ok Not analysed 

7 internet 99 1 100 0 97 3 ok ok ok ok 

8 internet 99 1 100 0 69 31 deviation ok ok ok 

9 internet 98 2 100 0 98 2 ok deviation deviation ok 

10 internet 100 0 0 0 0 2 deviation deviation deviation deviation 

11 internet 98 2 47 53 54 46 deviation deviation deviation Not analysed 

12 internet 99 1 100 0 98 2 ok ok ok Not analysed 

13 internet 98 2 100 0 89 11 deviation ok ok ok 

14 retailer 98 2 100 0 100 0 ok deviation deviation ok 

15 retailer 99 1 100 0 98 2 ok ok ok ok 

 

To apply multivariate data analysis for a two dimensional data matrix is an obvious step to do, since this 

approach has been successful for many authentication studies. This approach might be beneficial for the 

investigation of bergamot oils, for example for the distinction of cold-pressed bergamot oils and bergamot 

oils that were produced using the peratoner distillation technique. It was shown, that specific compounds 

in bergamot oil increase or decrease within the season, and that these trends are repeated with the 

beginning of a new season (Giovanni Dugo et al., 1991). Therefore, changing patterns in the oil composition 

could probably be monitored using the presented approach. However, if the detection of single (foreign) 

compounds is targeted, multivariate classification models seem not to be the methods of choice. There 

might be classification algorithms that have not been tested yet, that perform better for the data given. But 

it will remain a challenge to identify the class affiliation based on the pattern of a new sample, if the 

patterns of the in-specification samples vary that much.  

As an alternative procedure, samples could be analysed by non-targeted analysis to generate a holistic peak 

table, but evaluated analogue to the traditional targeted analysis approach by univariate data analysis. A 
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database with relative concentration ranges of each compound could be build. Based on the stored mass 

spectra for each compound, the peaks of a new sample can be assigned to the compounds found in the 

authentic samples. Afterwards it can be compared whether the value of the new sample lies in the range of 

the authentic compounds. A strong deviation from the known natural variation then gives reason for a 

further inspection of that sample. Furthermore, the appearance of unexpected, new compounds in a 

sample will be indicated as deviation.  

4.8 Conclusion and future perspective 

Literature on the composition of bergamot oil is extensive and methods to detect deviations between 

authentic and adulterated samples are well evaluated. It was reported that even commercial bergamot oil 

samples originating from the year 1963 contained high amounts of (S)-linalool and (S)-linalyl acetate, which 

suggests that adulteration of bergamot oil has been common practice over decades (König et al., 1997). The 

publication in which this was reported, is from 1997, which again is years ago from now. Against the 

background of the availability of strong analytical methods and the knowledge about the vulnerability of 

e ga ot oil sa ples, the out o e of the p ese ted s all a ket su e  is so e i g. The uestio  a ises 

what is holding back an adequate control of bergamot oil samples. To distinguish chiral compounds 

included in food matrices it is required to analyse the samples by chiral GC-MS, therefore a portable hand-

held device for a quick control of the bergamot oil samples will probably not be realistic in near future.  

GC-MS is a very common, robust and well known technique that could be used for controls more often. In 

any case, there is still huge room for improvement regarding the data evaluation and coordination 

procedures. 

Many approaches where GC-MS data are combined with multivariate data analysis use pre-processed peak 

ta les, hi h ea s that ofte  a p ofili g  of p e-sele ted o pou ds is do e, i stead of fi ge p i ti g  

where all compounds are considered. This is due to the fact, that data handling of three dimensional 

chromatographic data constitutes a major challe ge. Ho e e , the fi ge p i ti g  app oa h has lea  

advantages in the context of food authentication, since it provides a holistic and comprehensive overview 

about the sample composition. An automated data processing of multi-way data such as chromatographic 

data is needed (Vestner et al., 2016), as it could open new evaluation opportunities. Here, we presented 

the evaluation of the GC-MS bergamot data set after processing the data with the software PARADISe, 

which allowed a very efficient way to obtain a comprehensive peak table of the included compounds in all 

the investigated samples. Because some manual steps are still included in the data processing the approach 

might be considered as not more than semi-automated. Multivariate classification models (SIMCA and 

SVM) were applied to the generated peak table. However, it turned out that natural variation in the 



  

83 
 

bergamot oil is so pronounced, that the appearance of critical compounds such as (S)-linalyl acetate was 

not recognised as major deviation. Thus, the samples were not detected as adulterated. Investigation of the 

underlying patterns in the data matrix by multivariate classification models was not very successful. 

Instead, the peak tables generated by non-targeted analysis should be processed differently, e.g. in analogy 

to traditional targeted analysis, where each peak is automatically compared with the thresholds from a 

given representative database.  

It will be interesting to see, if the automated extraction of the holistic peak tables by using e.g. the 

PARAFAC2 model can be realised. If it can, it could allow transferring databases of e.g. bergamot oils peak 

table that were produced on one instrument to another instrument provided that the enantiomers are 

separated efficiently on both instruments. Hence, it might be possible one day that the volatile fraction of 

specific food products could be identified based on the comparison with a representative database. This 

would be similar to the identification of compounds by the electron impact (EI) NIST library. For the time 

being this is a future vision, since such software capable to fully automate holistic peak tables of GC-MS 

data has not been developed yet and accordingly the feasibility of such an approach has not been tested.  

The results of this study point to a further aspect that must not be ignored in a comprehensive strategy 

against food fraud: The control of food products on the online market. The percentage of bergamot oils of 

the thirteen samples bought on the internet that deviates from the authentic samples is alarmingly high 

(62%). Not all of these bergamot oils may be used for food intake, even though it cannot be excluded that it 

will be used for some e.g. ho e- ade ea l g e  tea . Ho e e , the e-commerce food market is growing 

and must therefore not be left out of the control strategies to be developed by governmental bodies. In 

2017 the European Commission launched the first EU coordinated control plan on online offered food 

products. The programme focused on food supplements with medicinal claims and resulted in several 

hundred of products which are non-compliant with EU food legislation (European Commision, 2018). 

Future trends will require much more action to ensure the protection of the consumer on the online food 

market.  
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5 General conclusion and future perspectives 

Ensuring the authenticity of our food products is a crucial task for numerous reasons such as consumer 

trust, consumer safety, fair competition and protection of brand reputation. In this project empirical 

authentication studies on vanilla (V. planifolia, V.tahitensis) flavour, black pepper (Piper nigrum) and 

bergamot (Citrus bergamia) oil were conducted. All three products consist of different matrices and 

therefore individual strategies based on targeted or non-targeted analysis are required for authentication. 

A  i di idual o lusio  a d futu e pe spe ti e se tio  ith o ete suggestions is given for each sub-

study in the respective chapters. Here, the connection between all studies is reflected and considerations 

for an overall strategy regarding authentication testing are made. 

 One key element interlinking all methods that aim to authenticate a specific food product is the need for a 

representative database of authentic samples, which defines the reference basis to evaluate the 

authenticity of a new sample under study. If such a representative sample set is provided the products 

natural and thus legitimate variability can be discovered and delimited from real fraud cases. The 

availability of a representative database with a well-defined scope is therefore crucial for the meaningful 

interpretation of the analysed data. It can be an elaborate procedure to obtain such databases. Moreover, 

they must be continuously maintained, updated and adjusted to new market situations in order to 

anticipate putatively new vulnerability shifts and new relevant trends. These trends might trace back to a 

variety of driving forces including political and economic issues, influence of climatic conditions on crop 

yield and changing markets or consumer demands. 

Monitoring the market situation of vanilla pods or vanilla flavour in recent years illustrates exemplarily how 

the vulnerability of a food product towards food fraud can increase. A cyclone had a serious impact on the 

vanilla pod production in Madagascar in 2017 which resulted in an immense price increase of up to 500$ 

per kg vanilla pods. Vanilla flavour is often added to composite food like e.g. ice cream. Since consumers 

have a preference for natural vanilla flavour and a willingness to pay a higher price for it, this is a typical 

ase fo  a high gai , lo  isk  situatio : heap s theti  a illi  ight be added to the product, while it is 

labelled to contain vanilla flavour from vanilla pods. Incorporated in a complex food matrix, this kind of 

fraud is not easy to notice. 

To deal with such situations analytical tools are needed that can reveal fraud as effectively as the method 

that was introduced in manuscript 1 of this thesis. The developed method is capable to distinguish 

synthetic vanillin from vanillin derived from real vanilla pods by determination of the 13C-value by SPME-
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GC-IRMS even when incorporated into complex food matrices. When applied to 23 commercial market 

samples 22% of the samples were identified to be affected by the described fraud opportunity.  

For a long time period the authenticity of natural vanilla flavour could unambiguously be determined by 

targeted analysis of the 13C-value. However, this comfortable situation changed dramatically with 

biovanillin entering the market in the last couple of years. A further study (manuscript 2) on a new source 

of biovanillin derived from glucose has shown to be a challenge for the authenticity determination of 

vanilla flavour exclusively based on the 13C-value of vanillin. To the est of the autho s k o ledge, it is 

the first time a 13C value for biovanillin has been determined, that is higher than the values reported for 

vanillin from vanilla pods. For most sources of synthetic vanillin or biovanillin lower 13C values have been 

reported. Hence, 13C -values of natural vanillin from vanilla pods can be imitated very cost efficiently if 

vanillin ex glucose is mixed with other (bio) synthetic sources of vanillin. All depends on whether vanillin ex 

glucose can take a decisive market share in the future. If it can, this will obviously have a huge impact on 

the authentication strategies for vanilla flavour. Representative sample sets of biovanillin need to be 

included into databases to allow for a clear view on the future meaning of the 13C-value of vanillin as 

authentication indicator. In a follow-up assessment it has to be decided whether it is worthwhile to 

integrate more sophisticated methods like e.g. position-specific-analysis by IRMS or NMR into the 

authentication strategy of vanilla flavour. 

Even though not desired as an outcome of a method development process, prediction performance of a 

given method can be revealed to be insufficient. A representative database can be seen as the backbone of 

such critical review processes, which are highly beneficial for the scientific progress. This could be 

exemplified in a study hypothesizing that isotopic carbon and hydrogen composition of vanilla methoxy 

groups may assist with the determination of the geographical origin of vanilla pods. As it could be expected 

from the natural 13C-distribution, different vanilla species (in our case V.planifolia and V.tahitensis) were 

showing different trends. However, no indicative differences between samples within the same species but 

from various geographical origins could be detected. Although 2H values of the vanillin molecule as well as 

the vanilla methoxy groups contain some interesting information linked to the geographical origin of the 

samples, this parameter alone came out to be insufficient to build a reliable traceability model for vanilla 

pods. This is due to the fact that 2H values of meteoric water show too little differentiation between those 

countries where vanilla pods can grow. Further methods (e.g. elemental analysis) should therefore be 

tested to identify relevant parameters that allow capturing the variability between vanilla pods from 

different geographical origins. As pointed out above, incorrect labelling of the vanillin source itself 

o stitutes the iggest f aud oppo tu it  highest gai  i  the o te t of a illa fla our. However, also a 
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method that allows tracing the geographical origins of true vanilla pods would be beneficial, since there are 

considerable price differences between them. 

Vanilla belongs to the most expensive spices in the world, hence it is reasonable to analyse such a high 

value product with a quite cost-intensive analytical technique like IRMS or NMR. In contrast, black pepper 

has a much lower price and considering the huge volume of 430.000 tons globally traded per year an 

adequate analytical control with expensive methods is hardly appropriate or even realistic in routine 

analysis. To build up an efficient system against food fraud, it is a continuous task to find the methods that 

are most suitable for the control along the food supply chains. For the authentication of black pepper a 

non-targeted analysis approach was used. Vibrational techniques such as NIR and FT-IR combined with 

chemometrics were tested as a screening method to detect adulterants in black pepper. The proof-of-

principle-study presented in manuscript 3 gives an impetus to extend the model by including further 

samples and conduct system challenges by long term stability tests and robustness checks like e.g. analysis 

by different operators and instruments. Moreover, the planned database extension must be considered in 

detail. If a lassifi atio  algo ith  elo gi g to the g oup of the ha d odelli g  app oa hes is i te ded, a 

representative sample set from black pepper and from each of the possible adulterants included in the 

model is indispensable. If this cannot be reached realistically, the use of discriminant analysis techniques 

should e a oided a d a soft odelli g  lassifi atio  should e p efe ed, si e it e ui es to ha e a 

sufficient sample set only of samples of black pepper itself. 

Another aspect that will play a crucial role will be the efficiency of data evaluation procedures and also the 

possibilities to share data bases within laboratories. Bergamot oil is a commodity that could benefit from a 

better and more efficient data handling. It is known for a long time period that bergamot oil is often 

affected by food fraud. Even though producers are aware of this vulnerability and analytical methods for 

the authentication control are available, bergamot oil seem to be continuously adulterated as it could be 

shown in our study on the small survey of bergamot samples that were bought from the internet. Here we 

investigated whether authenticity of bergamot oil can be verified by applying PARAFAC2 and multivariate 

data analysis to datasets obtained by chiral GC-MS. The application of the PARAFAC2 model allows 

ge e ati g a holisti  peak ta le, hi h a  e o side ed as fi ge p i t . Ho e e , the su se ue t 

application of multivariate classification models was not very successful, since the natural variability of 

bergamot oils is very high, and the appearance of critical compounds such as (S)-linalyl acetate was not 

indicated as a relevant deviation. Our study therefore suggests that that different data processing should 

be taken into consideration. E.g. an automatized version of the traditional targeted-analysis approach could 

compare each compound with the thresholds from a given representative database. Even more automated 
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evaluation of three dimensional datasets could be realised in the future, which might open new 

opportunities to share databases and to efficiently test authentication. 

There are challenges ahead for both, industrial and governmental control bodies, to improve strategies for 

food fraud prevention and authenticity testing. In the future, further progress of the detection tools can be 

expected, since producers aim for constant improvement of more robust, faster and more sensitive 

instruments. Moreover, there is still room for improvement to automate data evaluation. This holds true 

especially for three dimensional data as illustrated in the bergamot oil example. Progress from application 

of non-targeted analysis techniques will depend very much on an efficient use of databases. One obvious 

bottleneck is the harmonisation and standardisation of methods that allows the transferability between 

different instruments and laboratories. Another big challenge is data sharing. An open access would 

probably be the most efficient way a database can be used. However, this bears the risk that databases are 

abused by fraudsters that will try to avoid getting detected. They could check out the limit of adulterant 

they can add without being apprehended. Further, not all market participants who are completely honest 

might regard such databases as a part of the pre-competition domain and will ask for a fair cost-benefit 

sharing. Hence, databases will contain sensitive information, and how to use it must be carefully considered 

by all relevant stakeholders.  

Authentication strategies must be considered as a dynamic process that requires adjustments to new 

market situations and to improvement by technological innovation. Collaboration between the food 

industry, governmental control bodies, instrument manufacturers and research is required for a 

responsible approach to the problem of food fraud. It is an unrealistic aim to detect every single 

adulterated product. However, analytical detection methods can very efficiently contribute to a general 

deterrence strategy that puts every fraudster on a significant risk of being apprehended. With the same 

strategy, seriously operating companies can be protected from brand risk and unfair competition. 
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7 Appendices 

7.1 Appendix I – Vanilla flavour  

Table A1: Differences of the2
HV-SMOW methoxyl group values between peel and pulp and the total of the vanilla pod 

  
Compartment 

Average value 

2
HV-SMOW 

STD* 

Vanilla pod 1 Peel -113,1 
 V.Planifolia Pulp -111,9 
   total -108,6 2,3 

Vanilla pod 2 Peel -160,1 
 V.Planifolia Pulp -161,2 
   total -160,7 0,6 

Vanilla pod 3 Peel -156,6 
 V.Tahitensis Pulp -165,6 
   total -160,4 4,5 

Vanilla pod 4 Peel -122,7 
 V.Tahitensis Pulp -129,9 
   total -126,5 3,6 

*The internal precision for 2H measurements specified by the manufacturer for the IRMS instrument is less than 3% 

Table A2: Differences of the methoxyl group values 13
CV-PDB between peel and pulp of the vanilla pod 

 

 

 

 

 

 

 

 

* The internal precision for 13C measurements specified by the manufacturer for the IRMS instrument is less than 0.3%. 

  

 

Compartment 
Average value 

13
CV-PDB 

STD* 

Vanilla pod 1 Peel -34,0 
 V.Planifolia Pulp -33,6 
 

 
total -33,8 0,2 

Vanilla pod 2 Peel -32,3 
 V.Planifolia Pulp -25,3 
 

 
total -31,3 3,8 

Vanilla pod 3 Peel -28,8 
 V.Tahitensis Pulp -28,1 
 

 
total -27,5 0,6 

Vanilla pod 4 Peel -39,0 
 V.Tahitensis Pulp -43,9 
 

 
total -38,7 2,9 
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Table A3: Differences of the2
HV-SMOW and 13

CV-PDB methoxyl group values between the vanilla pod and isolated vanillin 

No. Species 
Vanilla pod 

2
H [‰]  

Isolated vanillin 

2
H [‰] 

Difference 

[‰] 
Vanilla pod  

13
C [‰]  

Isolated 

vanillin 
13

C [‰] 

Difference 

[‰] 

Vanilla pod 1 V.Planifolia -194,5 -216,2 21,7 -29,0 -21,8 -7,2 

Vanilla pod 2 V.Planifolia -170,2 -179,6 9,4 -33,0 -24,1 -8,8 

Vanilla pod 3 V.Planifolia -171,0 -184,4 13,4 -31,3 -22,9 -8,4 

Vanilla pod 4 V.Planifolia -173,1 -196,4 23,3 -32,7 -23,4 -9,3 

Vanilla pod 5 V.Planifolia -155,2 -176,9 21,7 -32,0 -22,4 -9,6 

Vanilla pod 6 V.Planifolia -170,8 -174,4 3,5 -33,5 -25,6 -7,9 

Vanilla pod 7 V.Planifolia -183,5 -205,4 21,9 -26,9 -17,4 -9,5 

Vanilla pod 8 V.Planifolia -212,2 -219,1 6,9 -28,4 -20,6 -7,7 

Vanilla pod 9 V.Planifolia -176,2 -187,0 10,9 -31,6 -22,7 -8,9 

Vanilla pod 10 V.Tahitensis -118,6 -136,7 18,1 -28,3 -11,1 -17,2 

 

Table A4: 2
HV-SMOW methoxyl group values along individual vanilla pods (end, middle and end compartment) 

  
Compartment 

Average value 

2
H 

STD* 

Vanilla pod 1 end 1 -109,0   

V.Planifolia middle -110,3 
   end 2 -114,3 2,8 

Vanilla pod 2 Peel -159,3   

V.Planifolia Pulp -161,6 
   total -161,2 1,2 

Vanilla pod 3 Peel -158,6   

V.Tahitensis Pulp -160,5 
   total -163,5 2,5 

Vanilla pod 4 Peel -128,4   

V.Tahitensis Pulp -124,7 
   total -126,0 1,9 

*The internal precision for 2H measurements specified by the manufacturer for the IRMS instrument is less than 3%. 
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Table A5 13
CV-PDB bulk values along individual vanilla pods (end 1, middle and end 2 compartment) 

  

Compartment 
Average value 13

CV-

PDV 
STD* 

Vanilla pod 1 end 1 -21,0   

V.Planifolia middle -21,7 0,4 

  end 2 -21,5 

 Vanilla pod 2 end 1 -21,2   

V.Planifolia middle -21,6 0,2 

  end 2 -21,5 

 Vanilla pod 3 end 1 -16,5   

V.Tahitensis middle -16,8 0,2 

  end 2 -16,7 
 *The internal precision for 13C measurements specified by the manufacturer for the IRMS instrument is less than 0.3%. 
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Table A6:Calculated 2
H values of the meteoric water using the online precipitation calculator 

No. Season 
Geographical 

origin 

Macro-Area 

(botanical species) 

Geographical 

origin 

latitude  

Geographical 

origin 

longitude  

H meteoric 

water (OIPC) 

at 0 m a.s.l. 

95% 

CI  

H 

meteoric 

water 

(OIPC) at 

1500 m 

a.s.l. 

95% 

CI  

1 2017 
Papua New 
Guinea  

Papua Neu Guinea (V. 

Planifolia) -6,3 144,0 -49 4 -72 8 

2 2017 
New 
Caledonia 

Pacific Islands (V. 

Planifolia) -20,9 165,6 -13 53 -36 50 

3 2017 Vanuatu 
Pacific Islands (V. 

Planifolia) -15,4 167,0 -34 70 -57 68 

4 2014 Vanuatu Pacific Islands -15,4 167,0 -34 70 -57 68 

5 2014 Mexico Mexico (V. Planifolia) 23,6 -102,6 -15 14 -38 11 

6 2017 Mexico Mexico (V. Planifolia) 23,6 -102,6 -15 14 -38 11 

7 2017 Costa Rica 

Costa Rica (hybrid 3/4 

V.Planifolia + 1/4 

Pompona) 9,7 -83,8 -34 4 -57 3 

8 2017 Congo Africa (V. Planifolia) 1,7 28,8 21 6 -2 2 

9 2017 Uganda Africa (V. Planifolia) 1,5 32,2 15 5 -8 3 

10 2014 Uganda Africa (V. Planifolia) 1,5 32,2 15 5 -8 3 

11 2014 Reunion 

Madagascar and 
surroundings (V. 

Planifolia) -18,9 47,5 -17 6 -40 1 

12 2014 Madagascar 

Madagascar and 
surroundings (V. 

Planifolia) -18,9 47,5 -17 6 -40 1 

13 2017 Madagascar 

Madagascar and 
surroundings (V. 

Planifolia) -18,8 46,9 -17 6 -40 1 

14 2017 
Grand 
Comores 

Madagascar and 
surroundings (V. 

Planifolia) -11,7 43,4 -12 4 -35 5 

15 2014 Sri Lanka 
Sri Lanka (V. 

Planifolia) 7,9 80,8 -30 1 -54 5 

16 2017 Sri Lanka 
Sri Lanka (V. 

Planifolia) 7,9 80,8 -30 1 -54 5 

17 2017 Raiatea 
Pacific Islands (V. 

Tahitensis) -16,8 -151,5 -25 17 -48 16 

18 2017 Cook Islands 
Pacific Islands (V. 

Tahitensis) -21,2 -159,8 -26 0 -49 6 

19 2017 
Bora Bora 
Islands 

Pacific Islands (V. 

Tahitensis) -16,5 -151,7 -25 18 -48 17 

20 2017 Mauritius  
Mauritius 
(V.Tahitensis) -20,3 57,6 -4 2 -27 4 

21 2014 Indonesia 
Indonesia 
(V.Tahitensis) -0,8 113,9 -54 13 -77 12 

22 2014 India India (V.Tahitensis) 20,6 79,0 -24 2 -47 5 
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Chemometric data processing with the Software R (version: 3.5.0) - LDA 

The dataset was randomly divided into training and test set using the set.seed function (belonging to R 

Base Package). It was defined that from each class (geographical origin) at least one sample was 

represented in the test set. Linear discriminant analysis (LDA) was conducted using the lda function from 

the MASS package (Ripley et al., 2019). Within this function the argument prior was used to define the prior 

probabilities of class membership. The predictive discriminant power was tested with and without leave-

one-out cross validation. The predict function, belonging to the R Stats Package, was used for to predict the 

defined test set data with the lda model generated with the training set. Finally the whole dataset was 

plotted using the ggplot function from the ggplot2 package (Hadley et al., 2019). 

7.2 Appendix II – Black Pepper  

Chemometric data processing with the Software R (version: 3.5.3) – SIMCA 

All pre-processing steps were performed using the mdatools package (Kucheryavskiy, 2018), using the 

prep.snv function for standard normal variate and prep.savgol function for the savitzy-golay 

filter/smoothing (1st and 2nd derivatives, 2nd polynomial order and centred 11 point window) pre-

processing.  

For the generation of the one-class SIMCA model, the black pepper samples were randomly divided 100 

times into training set (74%, black pepper samples) and a test set (26%, 35 black pepper samples) using the 

createDataPartition function from the caret package (Kuhn, 2019). Pareto scaling (which means mean 

centring and division by the square root of the standard deviation for each variable) was applied to the 

respective training set. The pareto scaling parameter of the training set were afterwards applied to the data 

from test sets. 

OCSIMCA models were generated for each of the 100 training sets. The default settings of the simca 

function in the mdatools package were used: 1 to 15 PCs were calculated, internal validation based on  

7-fold cross-validation using random subsets and a significance level for calculating critical classification 

limits of 0.05. The test set (1) with the pure black pepper samples and the test set (2) with the mixed black 

pepper samples were predicted by the OCSIMCA models. The optimal number of PCs for the final OCSIMCA 

models model was chosen according to the sensitivity rate of the black pepper test set. When comparing 

models where different pre-processing procedures have been applied, the highest number of principal 

components where the sensitivity rate closest to 80% was chosen. By applying the model to the mixed 

black pepper samples, the specificity rates were obtained. The prediction results (specificities and 

sensitivities) across all 100 models were averaged. 
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1.2 Appendix III – Bergamot oil 

Material and methods 

Sample collection and preparation 

In total 37 authentic and 15 commercial bergamot oil samples have been investigated. From the 37 

authentic bergamot oil samples were 24 samples cold pressed by the pelatrice extractor bergamot oil 

samples, two were produced by the brown extractor, three were bergapten free, four were furocoumarine 

free, one sample was furocoumarine free and distilled and for three samples no further description was 

given. Commercial bergamot oil samples (n=15) were sourced from the internet and local retailers. All 

sa ples e e sto ed at ⁰C u til use. The sa ples e e diluted :  /  i  etha ol.  

GC-MS data acquisition 

A GC-Combi PAL (CTC Analytical, Zwingen, Switzerland) on an Agilent 6890 gas chromatograph (GC) (Agilent 

Technologies, Inc. Wilmington, Germany) equipped with an Agilent 5979 Mass Selective Detector was used. 

1 µL of the diluted samples were injected into the GC-i let at  ⁰C ith a split atio of : . Capilla  

column: 30 m x 0.25 mm x 0.25 µm Rt-βDEXse (Restek) .The following temperature program was used: 40°C 

for 1 min and then raised at 5°C/min to 60°C and raised again at 1.2°C/min to 120°C and finally 20°C/min to 

220°C (GC runtime: 60 min). The carrier gas was helium at 2.7 mL/min. The transfer line temperature was 

250°C, MS source 230°C, MS Quad 150°C. The mass spectrometer was used in Electron Ionization (EI) 

mode, using full scan mode (m/z 42–350) with an acquisition rate of 4.6 spectra per second. The sample 

order was randomised and all 10th samples the measurements of a quality control standard were repeated. 

After each sample injection a blank samples (EtOH) was injected to exclude carry-overs from previous 

samples. 
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TIC chromatograms of the bergamot essential oils 
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Abstract 16 

Vanilla is one of the most popular spices in the world and is therefore often added to food products to 17 

enhance the taste with its desirable flavour. Vanilla flavour is highly susceptible to economically motivated 18 

food fraud since the main component vanillin  can easily be produced by much cheaper synthetic 19 

processes. The determination of the vanillin source is not always an easy task, especially when incorporated 20 

in complex food matrices. Here, we present an easy sample preparation procedure to determine the 21 

isotopic carbon ratio of vanillin in food products by headspace solid-phase microextraction and gas 22 

chromatography coupled to isotope ratio mass spectrometry. Isotopic fractionation during the sample 23 

preparation procedure was carefully evaluated. The method was applied to 23 commercial food samples 24 

including vanilla sugar, dairy, and soy products. The study demonstrates the complexity of the authenticity 25 

assessment of vanilla flavours in composite food. 26 

1 Introduction 27 

Vanilla is the most popular flavour in many beverages and foods and a widely used fragrance additive in 28 

various pharmaceutical and cosmetic products. Vanilla flavour, derived from the tropical orchid of the 29 

genus Vanilla, is a complex mixture of compounds with 4-hydroxy-3-methoxybenzaldehyde (vanillin) as the 30 
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major flavour compound (Sinha, Sharma, & Sharma, 2008). The production of vanilla pods requires special 31 

growth conditions and an elaborate curing procedure. Therefore, it cannot even meet 1% of the worldwide 32 

growing demand for vanilla flavour that is estimated to be 18.700 tons of vanillin per year (in 2016) (Grand 33 

View Research, 2017a), (Grand View Research, 2017b). The remaining 99% of the global demand for vanilla 34 

flavour are met by vanilla flavour of synthetic origin. 85% of the synthetic vanillin are produced from the 35 

petrochemical precursor guaiacol and the rest from lignin (Bomgardner, 2016). Vanilla pods (containing 1-36 

2% vanillin) were reported to cost 500 USD/kg in 2017 (Gelski, 2017), whereas synthetic vanillin only costs 37 

around 10 USD/kg (Bomgardner, 2016). In addition to vanillin from vanilla pods and synthetic vanillin, 38 

biovanillin  emerges as a third production approach although its market price is still not competitive with 39 

synthetic vanillin. The precursor materials used for the production of biovanillin are ferulic acid (obtained 40 

from rice or corn), eugenol (obtained from clove), curcumin (obtained from turmeric), and glucose 41 

(obtained from different sources like corn, rice, or potato) (Gallage & Lindberg Møller, 2015). Biovanillin 42 

can be labelled atural , hi h is a powerful marketing attribute (Hartmann, Hieke, Taper, & Siegrist, 43 

2018).  44 

The food and beverage industry accounts as the largest end-use segment and has been a key factor in 45 

driving market growth (Grand View Research, 2017b). Vanilla flavour in food products can be obtained by 46 

adding ground vanilla pods as a food ingredient. European regulation 1334/2008 defines four flavour 47 

categories, which applied to vanilla flavour gives: i) natural vanilla flavour , where the flavouring 48 

component is obtained by at least 95 % w/w from a vanilla pod or vanilla extracts  exclusively obtained 49 

from a vanilla pod; ii) vanilla flavour with other natural flavourings where the vanilla flavour is partly 50 

derived from a vanilla pod and can easily be recognized; iii) natural flavouring  that may only be used if the 51 

flavouring component comprises flavouring preparations and/or natural flavouring substances only; iv) 52 

flavour , which can be a synthetically derived component like vanillin or other components such as 53 

ethylvanillin or vanillin ethyl ether (European Parliament and the Council of the European Union, 2008). 54 

The huge differences in prices between synthetic vanillin and genuine vanilla pods, combined with the 55 

challenges to identify the true origin of the vanilla flavour in food matrices, make adulteration of natural 56 

vanilla flavour used in food products a profitable gain with a very low risk of being caught.  57 

The carbon stable isotope ratio is a widely used indicator to assess the authenticity of natural vanilla flavour 58 

from vanilla pods (Bensaid et al., 2002), (D. A. Krueger & Krueger, 1983), (Scharrer & Mosandl, 2002), 59 

(Bricout et al., 1974). Differences in the 13C/12C isotope ratios are related to different biosynthetic pathways 60 

of organic compounds, which cause different degrees of isotopic fractionation of carbon in C3, C4, and CAM 61 

plants O Leary, . Vanilla is a CAM plant, whereas precursors for synthetic vanillin and biovanillin 62 
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originate from C3 or C4 plants or petrochemicals. Table 1 summarizes the 13C ranges reported for vanillin 63 

produced by different processes and precursor materials. 64 

Table 1: Global data for reported 13
CVDPD values for vanillin from different sources 65 

Origin Precursor Reported 13
CVDPD range References 

natural vanillin from 

Vanilla planifolia 
 vanillin glucoside -22.2 to -17.8 

(Greule et al., 2010), (Hansen, Fromberg, & Frandsen, 

2014), (D. A. Krueger & Krueger, 1983), (Bricout et al., 

1974), (Hoffman & Salb, 1979), (Geißler et al., 2017), 

(Kaunzinger, Juchelka, & Mosandl, 1997), (D. a Krueger 

& Krueger, 1985), (Hener et al., 1998), (Günther 

Lamprecht, Pichlmayer, & Schmid, 1994), 

(Gassenmeier, Binggeli, Kirsch, & Otiv, 2013) 

natural vanillin from 

Vanilla tahitensis 
 vanillin glucoside -19.7 to -14.6 

(Greule et al., 2010), (D. A. Krueger & Krueger, 1983), 

(Hoffman & Salb, 1979), (Kaunzinger et al., 1997), 

(Scharrer & Mosandl, 2002) 

natural vanillin from 

Vanilla pompona 
 vanillin glucoside -18.0 to -17.1 

(Greule et al., 2010) 

hybrid Vanilla 3/4 

planifolia and 1/4 

pompona 

 vanillin glucoside -20 to -19.7 

(submitted Wilde et al., 2019) 

biovanillin 

eugenol and isoeugenol 

(clove) 
-31.3 to -30.9 

(Geißler et al., 2017), (Hansen et al., 2014), (Bensaid et 

al., 2002), (Schipilliti et al., 2016) 

ferulic acid (rice) -37.9 to -35.4 (Bensaid et al., 2002), (Geißler et al., 2017) 

ferulic acid (corn) -19.9 to -19.0 (Geißler et al., 2017) 

curcumin (turmeric) -30.4 to -27.8 (Geißler et al., 2017), (Schipilliti et al., 2016) 

glucose (not specified, 

probably corn/other C4 plant) 
-12.5 

(submitted Wilde et al., 2019) 

synthetic vanillin 

Lignin (spruce tree) -28.7 to -26.5 

(Bensaid et al., 2002), (D. a Krueger & Krueger, 1985), 

(Bricout et al., 1974), (Hoffman & Salb, 1979), (D. A. 

Krueger & Krueger, 1983), (Tenailleau, Lancelin, 

Robins, & Akoka, 2004), (Geißler et al., 2017), 

(Cicchetti et al., 2010), (Culp & Noakes, 1992) 

guaiacol (petroleum, coal tar) -36.2 to -24.9 

(Bensaid et al., 2002), (Geißler et al., 2017), (Hoffman 

& Salb, 1979), (Tenailleau et al., 2004), (Culp & Noakes, 

1992) 

 ferulic acid (fossils) -36.2 to -27.1 
(Tenailleau et al., 2004), (Schipilliti et al., 2016), 

(Bensaid et al., 2002) 

 eugenol/isoeugenol (clove) -31.7 to -29.9 
(Hoffman & Salb, 1979) 

 66 
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The 13C value of vanillin can be used to distinguish natural vanillin from vanilla pods from synthetic vanillin 67 

that is derived from petrochemicals and C3 plants. This makes the 13C value a powerful and useful 68 

indicator for the authenticity assessment of vanilla flavour, since 99% of the vanillin on the market is 69 

currently synthetic vanillin. However, 13C values for biovanillin have been reported to overlap with the 70 

ranges of both, vanillin from vanilla pods and synthetic vanillin.  71 

The determination of the isotopic carbon ratio of the vanillin molecule has successfully been carried out by 72 

GC-IRMS (gas chromatography - isotope ratio mass spectrometry) (Hoffman & Salb, 1979), (Hansen et al., 73 

2014), (Culp, Legato, & Otero, 1998). Up till now, time- and labour-intensive sample preparation is required 74 

to analyse vanillin incorporated into complex food products such as ice cream and yoghurt samples 75 

(Guenther Lamprecht & Blochberger, 2009), (Fayet, B.; Fraysse, C.; Tisse, C.; Pouliquen, I.; Guerere, M.; 76 

Lesgards, 1995). SPME (solid-phase microextraction)  has successfully been applied in conjunction with GC-77 

IRMS for vanilla-containing products such as cake, wafer and biscuits (Schipilliti et al., 2016), but not for 78 

milk or soy-based products so far. The determination of the 13C value of vanillin that is incorporated in 79 

dairy/soy products presents a challenge, since a comparably small amount of vanillin needs to be separated 80 

from various substances such as fats, proteins, carbohydrates, water, stabilisers, and emulsifiers (Guenther 81 

Lamprecht & Blochberger, 2009).  82 

In this study, a method has been developed that enables an effective determination of the 13C value of 83 

vanillin incorporated into dairy and soy products. In addition, vanilla sugar, vanilla powder, and chai tea 84 

powder were analysed directly without any prior sample preparation procedure. In case of complex 85 

products such as ice cream, yoghurt, and soy products, blank samples were spiked with vanillin with a 86 

known 13CVPDB value. Evaluation of possible isotopic fractionation during the sample preparation 87 

procedure was investigated and found to be negligible. In this method, vanillin as a working standard is 88 

analysed along with the unknown food samples according to the guidelines of the principle of Identical 89 

Treatment (IT)(Carter & Barwick, 2011). The 13C values of 23 commercial food samples have been 90 

determined and juxtaposed with the labelling and presentation of the products. This case study illustrates 91 

the complexity to assess the authenticity and fraud of food products and highlights the importance of 92 

having precise definitions to avoid misunderstandings, which can eventually lead to loss of consumer trust.  93 
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2 Methods 94 

2.1 Samples and Chemicals 95 

Home-made ice cream was prepared in accordance with the guidelines (2.1.1.2) for ice cream laid down in 96 

the German food code, (German food book commission, 2016) using cream (38% fat), eggs, sugar 97 

(purchased from a local supermarket), and synthetic vanillin (purchased from Sigma-Aldrich, Steinheim, 98 

Germany). Commercial vanilla ice cream, yoghurt, soy, sugar, and tea samples were purchased from 99 

different retail shops. All chosen samples had labels describing vanilla pods/extract/powder and/or natural 100 

flavour. Potassium hexacyanoferrate (II) trihydrate (K4Fe(CN)6) (purchased from Sigma-Aldrich, Steinheim, 101 

Germany) and zinc acetate dihydrate (Zn(CH3COO)2·2H2O) (purchased from Merck, Darmstadt, Germany) 102 

were used for the preparation of Carrez reagents I and II. Methanol of HPLC grade was purchased from 103 

VWR (Darmstadt, Germany) and ethanol (abs. for analysis) was obtained from Merck, Darmstadt, Germany. 104 

The used water was purified with a Milli-Q water purification system from Millipore Corp. (Bedford, 105 

Massachusetts). A mixture of alkanes (Indiana University, Bloomington, IN) with known values of 13C was 106 

used for the calibration of the 13C value of the vanillin standard against the reference standard: Vienna-107 

Pee Dee Belemnite (V-PDB). 108 

2.2 Sample preparation 109 

Ice cream, yoghurt, and soy samples 110 

20±2 g of the vanilla-containing products were weighed into centrifugation tubes (40±2 g were used for the 111 

soy drinks). The ice cream was allowed to thaw in a centrifugation tube. After melting, 5.0 mL of an 112 

ethanol-water solution (1:4) was added, and the sample was shaken for 60 min. Thereafter, 2.5 mL of 113 

Carrez solution I (15% (w/w)-solution of K4Fe(CN)6 in Milli-Q-water) and 2.5 mL of Carrez solution II 114 

(Zn(CH3COO)2·2H2O at 23% (w/w) in Milli-Q-water) were added to precipitate proteins. Each tube was gently 115 

mixed and centrifuged at 4800 x g for 10 min. The clear aqueous-ethanol phase was filtered and the solid 116 

residue was extracted again for 15 min with 5.0 mL of the ethanol-water solution (1:4). After the second 117 

centrifugation under the same conditions, the liquid phase was filtered and added to the first sample 118 

extract.  119 

A Strata divinyl benzene catridge (500 mg, 6 mL, Phenomenex, Torrance, California) was used to clean up 120 

the sample extract. The SPE catridge was conditioned with methanol (5 mL) and then with water (5 mL). 121 

The sample (ca. 10-15 mL) was applied to the conditioned cartridge and allowed to elute by gravity. The 122 

cartridge was washed with 5 mL of water and then with 5 mL of methanol/water (1:9, vol/vol). 123 

Subsequently, the cartridge was dried by applying vacuum for 1 min. The column was eluted into a glass 124 
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tube using 6 mL of methanol, transferred into 10 mL headspace vial, and the eluate was evaporated to 125 

dryness in a stream of nitrogen at 45°C. Headspace vials were closed with silicone/PTFE septum (Agilent 126 

Technologies, Germany). The solid phase microextraction (SPME) fibre (Sigma-Aldrich/Supelco, Bellefonte, 127 

Pennsylvania) applied in this study was Divinylbenzene/Carboxen/Polymethylsiloxane (DVB/CAR/PDMS) 128 

(1 cm, 85 µm). The fibre was exposed to the headspace vial of the samples for 30 min at 80 °C. After that, 129 

the fibre was desorbed in the GC injector port for 2 min at 260 °C. Each sample was analysed in triplicates. 130 

2.3 GC-Analysis 131 

Samples were analysed on a Trace GC Ultra (Thermo Scientific Bremen, Germany) (equipped with a TriPlus 132 

autosampler) fitted with a SLB-5ms capillary column (Supelco, Bellefonte) (30 m x 0.25 mm x 0.25 µm film 133 

thickness). The following GC conditions were employed: splitless injection, injector temperature of 260 °C, 134 

initial oven temperature of 40 °C for 1 min, ramp at 4 °C /min to 160 °C and ramp 10 °C /min to 280 °C, held 135 

for 6 min. Helium was used as the carrier gas with a flowrate of 1.4 mL/min.  136 

2.4 IRMS Analysis 137 

For determination of 13C/12C isotope ratios, compounds were separated using GC and subsequently 138 

combusted at 1000 °C in an oxidation reactor consisting of a NiO tube and CuO, NiO, and Pt wires, 139 

purchased from Thermo Scientific (Bremen, Germany). The converted compounds were analysed on a Delta 140 

V Advantage isotope ratio mass spectrometer from Thermo Scientific (Bremen, Germany).  141 

2.5 Isotopic Standardisation and calculations 142 

The 13C/12C isotope ratios are expressed in the conventional  notation in per mil versus V-PDB, defined as: 143 

13C =(RSample/RStandard)-1, where R is the ratio of the heavy/light carbon isotopes (Carter & Barwick, 2011). 144 

First, the 13C/12C isotope ratio of a vanillin working standard was determined by analysing alkanes with 145 

known isotopic values along with the vanillin standard by liquid injection. The vanillin working standard was 146 

thereupon analysed along with the food samples by SPME injection. The reference material and the sample 147 

were thereby analysed in an identical manner (SPME injection), in accordance with the principle of Identical 148 

Treatment (IT) (Carter & Barwick, 2011) . 149 

3 Results and discussion 150 

3.1 Testing isotopic fractionation during the sample preparation procedure  151 

The sample preparation procedure was tested on ice cream, yoghurt, and a soy product that were spiked 152 

with vanillin of a known 13C value (Table 2.) The 13C values of the vanillin isolated from the spiked yoghurt 153 
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and the soy product show no isotopic fractionation as compared to the pure standard. The isolated vanillin 154 

from spiked vanilla ice cream shows a deviation of .  ‰. Therefore, a higher measurement error for the 155 

delta value must be expected when determining the 13C value of vanillin in composite food. However, C3 156 

plants and petrochemicals have 13C ranges with distinct differences to vanillin derived from vanilla pods as 157 

listed in Table 1. Thus, useful information about the 13C values of vanillin from complex matrices can be 158 

obtained by this quick and simple preparation procedure. 159 

Table 2: 13
C values of vanillin standards before and after sample preparation 160 

Matrix 13
CVPDB [‰] Standard 

deviation 

Vanillin standard (pure) -29.2 0.2 

Vanillin standard in yoghurt -29.1 0.3 

Vanillin standard in soy product  -29.4 0.2 

Vanillin standard in vanilla ice cream -28.5 0.4 

 161 

Few studies have previously used SPME injection combined with an isotope ratio mass spectrometer. 162 

However, there are no commercially available standards with known 13C values that are suitable to be 163 

injected by SPME. It has been shown that the conditioning temperature of the headspace vials can 164 

influence the 13C value (Schipilliti et al., 2016). Thus, differences in the treatment of the standard and the 165 

sample can cause an error in the normalization to the isotope reference scale. In this study, a vanillin 166 

working standard has been established to ensure an identical treatment (IT) for the standard and the 167 

sample by injecting both by HS-SPME. 168 

3.2 Determination of δ13
C of vanillin in commercial food samples 169 

The method was applied to 23 commercial food samples (Sample no.1-23), one ground vanilla pod (Vanilla 170 

planifolia) (Sample no.24), and a 1:1 mixture of synthetic vanillin and biovanillin (derived from glucose)  171 

(Sample no.25). The examined samples are listed in Table 3 together with a description of the presentation 172 

and labelling of each product and its 13CVPDB [‰] value including the standard deviation (SD). The ground 173 

vanilla powder had a 13CVPDB value of -21.7 ‰, which is in accordance with the 13C range for Vanilla 174 

planifolia (sample no. 24, Table 3). Vanillin made from glucose had a 13C value of -12.5 ‰ (submitted Wilde 175 

et al., 2019). This glucose vanillin was mixed with vanillin from a synthetic origin with a 13C value of -176 

29.2 ‰ i  a ratio of 1:1. A 13C value of -21.1 ‰ was obtained, which corresponds to the average and lies in 177 

the range reported for vanillin from vanilla pods (sample no. 25, Table 3).  178 
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Table 3: δ13
CVPDB ‰  values fou d i  the a al sed sa ple ju taposed to the product appeara ce 179 

No. Food Product 13
CVPDB [‰] SD 

Flavour description in 

ingredient list 

Product appearance 

Authenticity assessment 

Textual statement  
Picture of a 

vanilla pod 

1 Ice cream 1 -25.7 0.1 
vanilla pod (0.1 %), flavour, vanilla 

extract 

Vanilla - handpicked vanilla from 

Madagascar 
yes 

case is not clearly defined in EU 

regulation 1334/2008 

2 Ice cream 2 -22.4 0.6 
vanilla seeds (0, 1 %), natural vanilla 

flavour 

Vanilla ice cream with vanilla 

seeds 
yes 

lies in the delta range for 

natural vanillin (vanilla pod) 

3 Ice cream 3 -19.8 0.4 extract of Tahiti-vanilla Vanilla ice cream no 
lies in the delta range for 

natural vanillin (vanilla pod) 

4 Ice cream 4 -25.5 0.5 
natural vanilla extract, vanilla 

flavour 
Vanilla ice cream  no 

case is not clearly defined in EU 

regulation 1334/2008 

5 Ice cream 5 -26.3 0.8 
bourbon vanilla flavour 0.01 %, 

vanilla seeds 

Vanilla ice cream with vanilla 

seeds 
yes 

not in accordance with 

European regulation 1334/2008 

6 
Ice cream 6 

(frozen Yoghurt) 
-24.7 0.6 

natural bourbon vanilla extract, 

bourbon vanilla seeds, natural 

flavour 

Frozen yoghurt vanilla yes 
case is not clearly defined in EU 

regulation 1334/2008 

7 Yoghurt 1 -23.7 0.5 
vanilla extract (0.1 %), vanilla 

flavour (0.1 %), crashed vanilla pod 
Yoghurt Vanilla yes 

case is not clearly defined in EU 

regulation 1334/2008 

8 Yoghurt 2 -20.7 0.5 
organic vanilla extract, finely divided 

organic vanilla 
Skyr vanilla yes 

lies in the delta range for 

natural vanillin (vanilla pod) 

9 Yoghurt 3 -27.9 0.3 
vanilla seed, natural vanilla flavour 

and flavour 
Skyr with Tahiti vanilla flavour yes 

case is not clearly defined in EU 

regulation 1334/2008 

10 Yoghurt 4 -25.6 0.9 
vanilla extract , natural vanilla 

flavour (0.1 %), vanilla seeds 
Skyr vanilla yes 

not in accordance with 

European regulation 1334/2008 

11 Protein drink -27.9 0.2 
vanilla flavour, bourbon vanilla 

extract 

Protein drink with the taste of 

vanilla 
no 

case is not clearly defined in EU 

regulation 1334/2008 

12 Milkshake -31.5 1.2 natural flavour 
Milkshake with the taste of 

vanilla 
no 

lies in the delta range for 

natural flavour 

13 Vanilla cream -26.7 0.2 flavour, 0.02 % vanilla seeds 
Vanilla cream – dessert sauce 

with the taste of vanilla 
no 

case is not clearly defined in EU 

regulation 1334/2008 

14 Vanilla sauce -22.4 1.0 
bourbon vanilla extract (0.3 %), 

natural flavour 

Vanilla sauce with bourbon 

vanilla 
yes 

lies in the delta range for 

natural vanillin (vanilla pod) 

15 
Soy product (made 

with yoghurt cultures) 
-30.8 0.7 vanilla powder (0.01 %) Vanilla soy with yoghurt cultures yes  

not in accordance with 

European regulation 1334/2008 

16 Soy drink -25.9 0.6 natural vanilla flavour Soy drink with vanilla no 
not in accordance with 

European regulation 1334/2008 

17 Vanilla sugar 1 -21.1 0.2 

bourbon vanilla powder (vanilla pod 

and seeds 5 %), bourbon vanilla 

seeds 2 % 

Vanilla sugar no 
lies in the delta range for 

natural vanillin (vanilla pod) 

18 Vanilla sugar 2 -20.5 0.2 
bourbon vanilla seeds 3 %, bourbon 

vanilla powder 2 % 
Vanilla sugar no 

lies in the delta range for 

natural vanillin (vanilla pod) 

19 Vanilla sugar 3 -20.6 0.3 natural vanilla flavour (3.9 %) Vanilla sugar yes 
lies in the delta range for 

natural vanillin (vanilla pod) 

20 Vanilla sugar 4 -21.8 0.4 
vanilla seeds 3 %, vanilla powder 

2 % 
Vanilla sugar no 

lies in the delta range for 

natural vanillin (vanilla pod) 

21 Vanilla sugar 5 -26.6 0.1 

flavour (vanillin, natural bourbon 

vanilla ), 1.1 % extracted and 

pulverised vanilla pod 

Vanilla sugar, vanilla Madagascar 

bourbon 
yes 

case is not clearly defined in EU 

regulation 1334/2008 

22 Vanilla powder -19.4 0.2 
pulverised dried organic vanilla pods 

from Madagascar 

Vanilla powder from real 

bourbon vanilla 
no 

lies in the delta range for 

natural vanillin (vanilla pod) 

23 Chai tea powder -27.6 0.3 vanilla 2, 25 % Chai Vanilla - naturally flavoured no 
not in accordance with 

European regulation 1334/2008 

24 Vanilla planifolia -21.7 0.2 no commercial sample dried and ground vanilla pod   - 
lies in the delta range for 

natural vanillin (vanilla pod) 

25 

1:1 mixture of 

biovanillin and 

synthetic vanillin  

-21.1 0.4 no commercial sample 
1:1 mixture of synthetic vanillin 

and biovanillin from glucose 
- 

lies in the delta range for 

natural vanillin (vanilla pod) 

 180 
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There is no EU harmonised definition for "food fraud". However, it is widely accepted that food fraud 181 

includes cases where there is a violation of EU food law that is committed intentionally to pursue an 182 

economic or financial gain through consumer deception (European Commission, 2017). Samples no. 5, 10, 183 

15, 16, and 23 state that they exclusively contain vanilla flavour from vanilla pods or natural vanilla flavour, 184 

while their analysed 13C values for vanillin are clearly outside the range reported for vanillin from vanilla 185 

pods. Therefore, these samples are considered to be highly suspicious as cases of fraud. 186 

The evaluation becomes more complex when components of vanilla pods are combined with synthetic or 187 

biosynthetic flavours as declared for 8 of the 23 samples in total. It is not clearly described in the 188 

regulations if the product description in such cases can contain vanilla  and if pictures of vanilla pods are 189 

accepted on the label. The product appearance gives the consumer the impression that the flavour of the 190 

product comes from a vanilla pod, whereas it requires a more detailed look into the ingredient list to realise 191 

that the flavour also originates from synthetic or biosynthetic compounds. Moreover, eleven samples are 192 

declared to contain bourbon-vanilla, vanilla from Madagascar, or Tahiti a illa . Of these, six samples have 193 

13C values in accordance with the 13C ranges of vanillin from vanilla pods listed in Table 1. The designation 194 

of a geographical origin implies that the product is flavoured with vanillin from vanilla pods. However, five 195 

samples contain a mixture of vanillin from vanilla pods and vanillin from other sources.  196 

The 13C value is a powerful, and with this method easily accessible, indicator for the authenticity 197 

assessment of vanilla flavour in complex food matrices. Despite the high potential of this parameter, one 198 

must also be aware of its limitations. In order to facilitate the interpretation of 13C ranges for vanillin as an 199 

indicator for the authenticity of vanilla flavour, a conclusion is proposed in Table 4. 200 

  201 
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Table 4: Interpretation of 13
C values of vanillin regarding the authenticity assessment of vanilla flavour 202 

 203 

 204 

 205 

 206 

 207 

 208 

 209 

 210 

 211 

 212 

 213 

 214 

 215 

Using this proposed interpretation, it was found that the labelling of several of the products could be 216 

challenged. In total, 21% of the commercial samples must be considered as highly suspicious to be fraud 217 

based on the analysed 13C value. For the differentiation of the subgroups, where the global 13C values are 218 

overlapping (Table 4), an investigation by position-specific analysis by GC-IRMS or SNIF-NMR (site-specific 219 

isotopic fractionation by nuclear magnetic resonance) is required (Greule et al., 2010), (Guyader et al., 220 

2019). However, so far, very high amounts of purified vanillin are needed for these methods, that are not 221 

realistic to isolate from food products. 222 

4 Conclusion 223 

The purpose of this study was to establish a fast and robust sample preparation procedure to determine 224 

the 13C value of vanillin in complex food matrices. Only 20-40 g of sample material were required for this 225 

sample preparation procedure, which allowed to distinguish whether the vanillin originates from a 226 

13
C value (vanillin) Interpretation of the origin of vanillin 

δ13CVPDB < - . ‰, below the range for 

natural vanillin from vanilla pods 

 The vanillin originates from C3 or 

petrochemical precursor material (can 

be synthetic vanillin or biovanillin). 

- . ‰ < δ13CVPDB < - . ‰, in the range 

for natural vanillin from vanilla pods 

 The vanillin originates from vanilla pods 

 The vanillin originates from corn (via 

ferulic acid). 

 The vanillin is synthetic vanillin that is 

manipulated by the addition of 

commercially available 13C-labelled 

vanillin. 

 The vanillin is a mixture of vanillin 

originating from C3/petrochemicals and 

vanillin derived from glucose (very likely 

from C4 plants). 

δ13CVPDB > -14.6‰, above the range for 

natural vanillin from vanilla pods 

 The vanillin originates from glucose, 

most likely from C4 precursor material, 

e.g., corn. 
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synthetic/biosynthetic source or was most likely derived from a vanilla pod. In recent years so called 227 

io a illi  has emerged on the market. This constitutes a challenge as biovanillin or rather a mixture of 228 

biovanillin and synthetic vanillin can have 13C values in the range reported for natural vanillin from vanilla 229 

pods. However, the replacement of vanillin from vanilla pods (most expensive source of vanillin) with 230 

synthetic vanillin (cheapest source of vanillin) is still the economically most attractive and most likely fraud. 231 

This case study with 23 commercial market samples reflects the complexity of authenticity assessment of 232 

food products. The implementation of analytical methods must go hand in hand with detailed regulations 233 

that do not leave room for ambiguities that can lead to misunderstandings.  234 
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Abstract 15 

Vanilla flavour is highly vulnerable to economically motivated adulteration as the main component vanillin 16 

can be derived by much cheaper production methods than by the extraction from vanilla pods. The  17 

13C ranges for synthetic vanillin from petroleum and C3 plants are depleted in comparison to the reported  18 

13C range for vanillin from vanilla orchids. However, with the invention of new biosynthetic pathways, 19 

vanillin overlapping with the characteristic 13C range reported for vanillin from vanilla pods can be 20 

produced. Here, we present site-specific analysis by GC-IRMS of stable carbon and hydrogen isotope ratios 21 

of vanillin derived from glucose. This is the first time a 13C value for biovanillin that is higher compared to 22 

vanillin from vanilla pods is reported. The possibility to simulate the 13C range of vanillin from vanilla pods 23 

by combining vanillin derived from inexpensive sources constitutes an increased risk for fraud being 24 

perpetrated while remaining unnoticed.  25 

1 Introduction 26 

Vanilla, k o  as the Quee  of spi es, is one of the most popular flavours in the world and is widely used 27 

in food and perfume industries. Vanilla has its origin in Mexico, but it is nowadays cultured in various 28 

tropical countries around the equator including Madagascar that supplies more than half of the world 29 

production. The genus Vanilla belongs to the family Orchidaceae that comprises more than 100 species. 30 

Vanilla planifolia is the orchid with the most economical importance for vanilla production, whereas other 31 

mailto:amsi@food.dtu.dk
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species as Vanilla tahitensis and Vanilla pompona represent minor sources and are only cultivated in small 32 

scales (Dignum, Kerler, & Verpoorte, 2001). Several hybrids of the different species are known such as the 33 

hybrids Vaitsy  and Ts  Taitr , which are combinations of V. planifolia and V.pompona. Vanilla requires 34 

special growth conditions and an elaborate curing procedure (Korthou & Verpoorte, 2007). The global 35 

demand for vanillin, the main compound of the vanilla flavour, was 18.700 tons in 2016. Less than 1% of 36 

this demand originated from vanilla pods, whereas 99 % of the global volume share of vanillin was of 37 

synthetic origin (Grand View Research, 2017b). Nevertheless, the popularity and high demand for the 38 

vanilla flavour obtained from vanilla pods make vanilla one of the most expensive spices (Grand View 39 

Research, 2017a). The price of vanilla pods (containing 1-2% vanillin) was around US$ 500/kg in 2017 or 40 

even higher for a premium quality (Gelski, 2017), whereas the price for synthetic vanillin is around 41 

US$ 10/kg (Bomgardner, 2016). This price gap obviously constitutes an important cause for economically 42 

motivated fraud that involves replacing natural vanillin from vanilla pods by cheaper synthetic vanillin. 43 

Bio a illi  represents a third option to provide vanillin to the market. It is biotechnology-derived vanillin 44 

produced from natural raw materials and can be labelled as atural a illi  a ordi g to the European 45 

regulation 1334/2008 (European Parliament and the Council of the European Union, 2008). The labelling of 46 

food products as atural  constitutes a powerful marketing tool. Consumers are often willing to pay a 47 

premium price for products that convey naturalness and being a healthier and safer product (Hartmann, 48 

Hieke, Taper, & Siegrist, 2018). The most successful strategies are microorganism-based approaches using 49 

biotransformation reactions from native or genetically modified fungi, yeast, or bacteria to produce vanillin 50 

from structurally similar substrates (Fache, Boutevin, & Caillol, 2016). Biotechnology-derived vanillin 51 

produced from rice bran/corn (ferulic acid), clove (eugenol), and turmeric (curcumin) have been marketed 52 

for more than a decade (Gallage & Lindberg Møller, 2015). Recently, vanillin was synthesised by 53 

fermentation from glucose in the yeasts S. cerevisiae and Schizosaccharomyces pombe, illustrated in 54 

Figure 1 (Hansen et al., 2009), (Gallage & Lindberg Møller, 2015). 55 
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 56 

Figure 1: De Novo Vanillin Biosynthesis from Glucose in the Yeasts S. cerevisiae and Schizosaccharomyces pombe (Gallage & 57 
Lindberg Møller, 2015). The pathway involves incorporation of 3-dehydroshikimate dehydrate (3DSD), aromatic carboxylic acid 58 

reductase (ACAR), and O-methyltransferase (OMT) (Hansen et al., 2009). 59 

However, the market price for biovanillin is still not competitive with synthetic vanillin. Much attention has 60 

been given to cost and yield optimization of biotechnologically produced vanillin in order to gain a 61 

competitive market position relative to chemically synthesised vanillin. Among the precursors used for 62 

biovanillin production, glucose is the cheapest substrate with an average cost of US$ 0.30/kg (Gallage & 63 

Lindberg Møller, 2015). Figure 2 summarises all the reported pathways for the production of vanillin that is 64 

available in the market or rather planned to be marketed in the near future. As glucose is produced from 65 

starch in principle any starch source can be used. However, the most important commercial source of 66 

starch is corn with other sources being wheat, potato, tapioca, and rice (Fellows, 2017). Sugar beet and 67 

sugar cane could theoretically also be used as glucose sources.  68 
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 69 

Figure 2: Different routes of production of synthetic, biosynthetic and natural (adapted from Gallage & Lindberg Møller, 2015) 70 

Isotope ratio mass spectrometry analysis has been considered as an efficient tool for the authentication of 71 

vanillin since the 13C-ranges of vanillin from different precursors (petroleum, C3, C4 and CAM plants) differ 72 

from each other (Meier-Augenstein, 1999). Since the vanilla plant belongs to the CAM category, the 73 

reported delta range found for vanillin extracted from vanilla pods was from - . ‰ to -14.6‰ 74 

(Gassenmeier, Binggeli, Kirsch, & Otiv, 2013), (Greule et al., 2010). On the other hand, approximately 85% 75 

of the synthetic vanillin is produced from the petrochemical precursor guaiacol and the rest is produced 76 

from lignin obtained from C3 plants (Bomgardner, 2016). The delta ranges for synthetic vanillin were from  77 

- . ‰ to -24.9‰ (petrochemical) and - . ‰ to -26.5‰ (lignin), respectively, and thus they can easily be 78 

distinguished from natural vanillin of the vanilla pod (Hoffman & Salb, 1979), (Culp & Noakes, 1992), 79 

(Bricout, Fontes, & Merlivat, 1974). However, the stable carbon isotope ratio of the vanillin bulk molecule 80 

(13CBulk) as the analytical parameter for determining the origin has some limitations. Synthetic vanillin 81 

manipulated with synthetic vanillin enriched in 13C cannot be distinguished from natural vanillin from 82 

vanilla pods by the 13CBulk value (Krueger & Krueger, 1983). Moreover, the 13CBulk ranges for biovanillin and 83 

synthetic vanillin are overlapping when originating from C3 plants. Finally, vanillin ex ferulic acid derived 84 

from corn which is a C4 plant has been reported to overlap with vanillin ex vanilla pods (Geißler et al., 85 

2017). It will therefore be of particular interest to investigate the 13C range of vanillin ex glucose, as it can 86 

also be derived from the C4 plant corn. 87 
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Position-specific analysis in combination with multivariate data analysis has been applied successfully to 88 

distinguish vanillin from different sources, even when the 13CBulk values are overlapping (Geißler et al., 89 

2017). SNIF-NMR methods (site-specific isotopic fractionation by nuclear magnetic resonance) was applied, 90 

however, large sample amounts and long analysis times are required (Guyader et al., 2019). GC-IRMS, 91 

which requires much smaller sample amounts delivers the isotopic ratio of the vanillin bulk value and, by 92 

appl i g the )eisel rea tio , also provides the stable carbon and hydrogen isotope signature of the 93 

methoxy group (Greule et al., 2010), (Krueger & Krueger, 1983). 94 

The present research investigates biovanillin derived from glucose by GC-IRMS (13CBulk, 2HBulk,13CMethoxy, 95 

and2HMethoxy) for the first time. Moreover, the existing database for vanillin from different sources has 96 

been extended by natural vanillin from 16 different countries, including the hybrid Vanilla ¾ Planifolia and 97 

¼ Pompona from Costa Rica that, to the best of the authors  knowledge, was not characterised before. The 98 

strategy to determine the authenticity of vanillin by GC-IRMS analysis of bulk vanillin combined with the 99 

position-specific analysis of the vanillin methoxy group is critically discussed against the background of the 100 

challenges that will emerge with the development of new biotechnological production methods of 101 

biovanillin in the near future.  102 

2 Materials and Methods 103 

2.1 Sample collection  104 

A total of 78 vanilla pod samples were analysed by GC-IRMS (13
CBulk and 2

HBulk). The samples originate from 16 105 

different countries: Papua New Guinea (V. planifolia) (n=4), Mexico (V. planifolia) (n=7), Congo (V. planifolia) (n=4), 106 

Uganda (V. planifolia) (n=7), New Caledonia (V. planifolia) (n=4), Vanuatu (V. planifolia) (n=5), Mauritius (V. Tahitensis) 107 

(n=2), Sri Lanka (V. planifolia) (n=6), Madagascar (V. planifolia) (n=11), Grand Comores (V. planifolia) (n=4), Raiatea (V. 108 

Tahitensis) (n=4), Cook Islands (V. Tahitensis) (n=4), Costa Rica (Hybrid V. 3/4 Planifolia and 1/4 Pompona) (n=4), Bora 109 

Bora Islands (V. planifolia) (n=4), Indonesia (V. planifolia) (n=6), and India (V. planifolia) (n=2). Of these vanilla pods, 110 

seven samples (each from Papua New Guinea, Mexico, Vanuatu, Sri Lanka, Madagascar, and Costa Rica) were selected 111 

to isolate vanillin to analyse 13
CMethoxy and 2

HMethoxy by GC-IRMS. One biovanillin sample derived from glucose was 112 

provided by Professor Birger Lindberg Møller from the Plant Biochemistry Laboratory at the University of Copenhagen 113 

and analysed by GC-IRMS (13
CBulk, 

2
HBulk, 

13
CMethoxy and 2

HMethoxy). A detailed overview of the samples investigated in 114 

this study is presented in Supplementary Table 1. 115 

2.2 Chemicals 116 

The following solvents were used for extraction and isolation of vanillin: ethanol, abs. for analysis from 117 

Merck, Darmstadt (Germany), ethyl acetate, cyclohexane and dichloromethane (HPLC grade) from 118 
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Rathburn Chemicals Ltd, Walkerburn (Scotland). The used water was purified with a Milli-Q water 119 

purification system from Millipore Corp. (Bedford, MA). The used chemical reagents were obtained from 120 

the following commercial sources: anhydrous sodium sulfate and disodium hydrogen phosphate dihydrate 121 

from Merck (Darmstadt, Germany), ammonium sulfate from Sigma-Aldrich Co. (St. Louis, USA), and 122 

hydriodic acid (55-58%) from Fluka (Buchs, Switzerland). 123 

2.2.1 Sample preparation 124 

2.2.1.1 Vanillin extraction 125 

Approximately 3 g of the vanilla pods were split open. The seeds were scraped out and the rest of the pod 126 

was cut into pieces with a length of less than 5 mm. The samples were placed in a closed flask with 4 mL 127 

H2O and 4 mL EtOH and macerated at ambient temperature for approximately 72 h during constant shaking 128 

at 60 rpm in an overhead shaker (Reax 2) from Heidolph, Germany. Afterwards, the mixture was filtered 129 

with a filter paper (WhatmanTM). A total of 3 mL of the ethanol/water extract was further extracted with 3 130 

mL of ethyl acetate/cyclohexane (1:1) and dried with anhydrous sodium sulfate. The extracts were not 131 

diluted before analyses by GC-HTC-IRMS. For GC-C-IRMS analyses, the samples were 1:4 diluted with ethyl 132 

acetate/cyclohexane (1:1).  133 

2.2.1.2 Vanillin isolation 134 

The filtrate from the vanillin extraction procedure was used for the isolation of vanillin from the vanilla 135 

pods. 0.4 g of Na2HPO4 and 1.3 g of (NH4)SO4 per 2 g vanilla pod were added. The mixture was stirred until a 136 

clear separation between the aqueous and organic phases was achieved. The organic phase was collected 137 

and applied on preparative thin-layer chromatography plates (silica gel matrix with fluorescent indicator, 138 

Merck (Germany). Dichloromethane was used as the mobile phase for the chromatographic separation. The 139 

vanilla compounds were detected by UV light and was collected by scraping the silica from the plates. The 140 

vanillin was extracted from the silica with ethyl acetate in an ultrasound bath for 5 min. The mixture was 141 

filtered to remove the silica. The purity of the vanillin was checked by GC-MS. Lastly, ethyl acetate was 142 

evaporated. The same sample procedure was also performed with a vanillin standard to exclude isotopic 143 

fractionation during the isolation process. 144 

2.2.2 Sample preparation – analysis of vanillin methoxy groups 145 

Analyses of vanillin methoxy groups were conducted as previously described (Greule et al., 2010). 1-2 mg of 146 

pure vanillin was used for the carbon analyses, and 4-7 mg was used for the hydrogen analyses.  147 
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2.2.3 GC-IRMS Instrumentation 148 

All stable isotope measurements were performed as previously described (Geißler et al., 2017). These 149 

measurements were performed using a gas chromatograph ‐ o ustio /high te perature o ersio ‐150 

isotope ratio ass spe tro etr  GC‐C/HTC‐I‘M“  s ste  o sisti g of a  HP  N gas hro atograph 151 

(Agilent, Santa Clara, CA, USA) equipped with an A200S autosampler (CTC Analytics, Zwingen, Switzerland), 152 

coupled to a DeltaPLUS XL isotope ratio mass spectrometer (ThermoQuest Finnigan, Bremen, Germany) via 153 

an oxidation reactor (δ13C) [ceramic tube (Al2O3), length 320 mm, 0.5 mm i.d., with Cu/Ni/Pt wires inside 154 

(activated by oxygen), reactor temperature 960 °C] or via a pyrolysis reactor (δ2H) [ceramic tube (Al2O3), 155 

length 320 mm, 0.5 mm i.d., reactor temperature 1450 °C] and a GC Combustion III interface (ThermoQuest 156 

Finnigan, Bremen, Germany). A tank of high purity carbon dioxide 4.8 (Kohlendioxid ISO-TOP, Air Liquide, 157 

Düsseldorf, Germany) was used as the working reference gas for carbon stable isotope analysis.  158 

For hydrogen stable isotope analysis, a tank of high purity hydrogen gas 6.0 (AlphagazTM 2 H2, Air Liquide, 159 

Düsseldorf, Germany) was used as the working reference gas. Throughout this paper, the conventional 160 

delta  otatio , hi h e presses the isotopi  o positio  of a aterial relati e to a sta dard, is used: δ2H 161 

relative to V‐“MOW, a d alues δ13C relati e to V‐PDB are defi ed as 162 

  = (RSample/RStandard) -1  

where R is the ratio between the heavier isotope and the lighter one for the sample and the standard 163 

respectively (Greule, Mosandl, Hamilton, & Keppler, 2009). 164 

2.2.4 Bulk analysis 165 

For both, δ13C and δ2H bulk analysis, 1 μl of dissolved vanillin samples was automatically injected into the 166 

GC‐C/HTC‐I‘M“ s ste . Corre tions of the vanillin bulk values were made against a vanillin working 167 

standard (δ13C = − . ‰, δ2H = . ‰  (Greule et al., 2010). 168 

2.2.5 Analysis of methoxy groups 169 

Hydrogen and carbon isotopic signatures of vanillin methoxy groups were measured as CH3I released upon 170 

treatment of vanillin samples with HI as previously described (Greule et al., 2009, 2010). The gas 171 

chro atograph as fitted ith a )B‐  s apillar  olu  Phe o e e , Torra e, CA, U“A   * .  172 

mm i.d., df 1.0 mm).  173 

The GC o ditio s for δ13C analysis were: split injection (split ratio 10:1), injector temperature 200 °C; initial 174 

oven temperature at 30 °C for 3.8 min, ramp at 30 °C/min to 100 °C. Helium was used as the carrier gas and 175 

the flow rate was 1.8 mL/min. Regarding δ2H analysis, the following GC conditions were employed: split 176 
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injection (split ratio 4:1), injector temperature 200 °C; initial oven temperature at 30 °C for 7 min, ramp at 177 

40 °C/min to 120 °C with a constant helium carrier gas flow of 0.6 mL/min.  178 

All δ13C a d δ2H alues ere or alized relati e to V‐PDB or V‐“MOW  a t o‐poi t ali ratio  usi g t o 179 

CH3I sta dards ith disti t isotope sig atures. δ13C a d δ2H values of CH3I were calibrated against 180 

i ter atio al refere e su sta es NB“‐  a d NB“‐  for ar o ; V“MOW  a d “LAP  for h droge  181 

usi g TC/EA‐I‘M“ ele e tal analyser‐isotopi  ratio mass spectrometer, IsoLab, Max Planck Institute for 182 

Biogeo he istr , Je a, Ger a . The ali rated δ13C alues s. V‐PDB for the t o CH3I working standards 183 

ere − .  ± . ‰  = 5, 1 ) and ‐ .  ± . ‰  = ,   . The ali rated δ2H alues s. V‐“MOW 184 

were − .  ± . ‰  = , σ  a d − .  ± . ‰  = 8, σ . CH3I standard measurements were performed 185 

after every fifth sample injection.  186 
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3 Results and discussion 187 

Analysis of 13
CBulk value of vanillin derived from glucose 188 

For vanillin ex glucose, a 13CBulk value of - .  ‰ was determined. The botanical origin of the glucose is not 189 

known in this case. However, a 13CBulk value of -11 ‰ as reported for glu ose o tai ed fro  C  plants, 190 

while a value of about -  ‰ as reported for glucose derived from C3 plants (Meier-Augenstein, 1999). It 191 

is therefore likely that the here analysed vanillin originates from glucose that was obtained from a C4 plant, 192 

for example, corn. It is the first time that the 13C value for biovanillin is higher compared to vanillin from 193 

vanilla pods is reported. 194 

More vanillin samples ex glucose obtained from known sources (e.g., rice, potato, or corn) should be 195 

investigated to fill the current data gap about vanillin from these sources. So far, highly priced 13C enriched 196 

vanillin is required for adulteration of synthetic vanillin in order to match the 13CBulk range for vanillin from 197 

vanilla pods. A cheap source of vanillin enriched in 13C will make it easier to simulate the 13CBulk value of 198 

vanillin from vanilla pods by mixing vanillin from the respective sources, which can increase the risk of fraud 199 

being perpetrated while remaining unnoticed by the analysis of 13CBulk values. However, several studies on 200 

purified vanillin have demonstrated that additional information about the 2H values as well as position-201 

specific isotope analysis of stable hydrogen and carbon enables the distinction of vanillin obtained from 202 

different precursors even if the 13CBulk ranges overlap (Geißler et al., 2017), (Tenailleau, Lancelin, Robins, & 203 

Akoka, 2004), (Guyader et al., 2019). 204 

13
C and 2

H analyses of bulk vanillin and vanillin methoxy groups 205 

Previous studies have reported the 13C and 2H values of bulk vanillin and vanillin methoxy groups from 206 

different vanillin samples, showing a clustering of the samples from the same source (Geißler et al., 2017), 207 

(Greule et al., 2010). These literature data have been combined with the acquired data here in order to 208 

compare vanillin ex glucose with known vanillin products from different sources. Figure 3 shows the 2D plot 209 

of the 13CBulk vs. 2HBulk values of the combined data, illustrating that vanillin ex glucose (red spot) is clearly 210 

distinguished from vanillin derived from all other sources. Figure 3 further displays that the values of the 211 

vanillin ex vanilla pods lies between the values of vanillin ex eugenol (or guaiacol) and those of vanillin ex 212 

glucose. It can thus be inferred that a combination of these sources can lead to an imitation of the 13C and 213 

the 2H bulk values of vanillin ex vanilla pods. 214 
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 215 

Figure 3: 2D plot of 13
C and 2

H bulk values from vanillin obtained from different sources. The plot includes the 13
C and 2

H 216 

values of vanillin derived from glucose as well as vanillin from vanilla pods from 16 different countries, the three species Vanilla 217 
planifolia, Vanilla tahitensis, Vanilla pompona and the hybrid Vanilla ¾ planifolia and ¼ pompona. Our results have been 218 
combined with existing data on vanillin from previous studies for comparison. (Geißler et al., 2017), (Greule et al., 2010). Vanillin 219 

from C3 plants is represented in triangles, vanillin from vanilla pods in circles (or rather in crosses when transmitted from 220 
previous studies), and vanillin from C4 plants and from glucose by diamond shapes. 221 

 222 

The data acquired in this study (Figure 3) represent the results of the 13C and 2H bulk values of vanillin ex 223 

vanilla pods from 16 different countries. This additional data assert that it is not possible to reliably 224 

separate authentic vanillin ex vanilla pods from vanillin ex ferulic acid (corn) by solely analysing the 13CBulk 225 

and 2HBulk. The measured values of vanillin from vanilla pods in our work lie even closer to the values of 226 

vanillin ex ferulic acid (corn), in agreement with the previous findings in the literature (Geißler et al., 2017). 227 

Considering the hybrid Vanilla ¾ Planifolia and ¼ Pompona, the 13C and 2H bulk values of the three 228 

vanillin samples from this hybrid (green circles) are found to overlap with those of the samples from the 229 

species Vanilla Planifolia (Figure 3).  230 

Furthermore, the 13C and 2H data of the methoxy groups of vanillin ex glucose and vanillin extracted from 231 

seven vanilla pods have been compared with the data from existing studies (Figure 4). It can again be 232 
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observed in the plot of 13CMethoxy and 2HMethoxy that the samples of vanillin derived from vanilla pods lie 233 

between vanillin samples ex eugenol (or guaiacol) and vanillin ex glucose. This means that by an 234 

appropriate mixture, not only the 13C and 2H bulk values might be imitated, but also the stable isotope 235 

values of vanillin methoxy groups.  236 

 237 

Figure 4: 2D plot of 13
C and 2

H values of vanillin methoxy groups obtained from different sources. The plot includes 13
CMethoxy 238 

and 2
HMethoxy values of vanillin derived from glucose as well as vanillin from seven vanilla pods including the hybrid Vanilla ¾ 239 

planifolia and ¼ pompona. Our results have been combined with existing data on vanillin from previous studies for comparison 240 
(Geißler et al., 2017),(Greule et al., 2010). Vanillin from C3 plants is represented in triangles, vanillin from vanilla pods in circles 241 
(or rather in crosses when transmitted from previous studies), and vanillin from C4 plants and from glucose by diamond shapes. 242 

The vanillin samples from different precursor groups were distinguished either in the 13CBulk vs. 2HBulk plot 243 

or rather in the 13CMethoxy vs. 2HMethoxy plot (Geißler et al., 2017). However, it must be taken into 244 

consideration that before using the four parameters (13CBulk, 13CMethoxy, 2HBulk and 2HMethoxy) for reliable 245 

prediction of an unknown sample, a representative sample set covering the natural variability of each 246 

group is required. The 2H-value of a sample is linked to the climatic conditions and geographical 247 

characteristics of the place where the sample has grown (Smith & Ziegler, 1990), (International Atomic 248 

Energy Agency, 2019). Therefore, 2H-values with a high variability must be expected for plants such as 249 

corn that can be cultivated in widespread areas, (CGIAR Research Program on Maize, 2016). 250 
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 A further approach to assess the origin of vanillin samples is to plot the 2H values of bulk vanillin against 251 

the 2H values of the vanillin methoxy groups (Figure 5). This correlation might benefit from the fact that 252 

the 2HMethoxy values of the plant material are highly depleted compared to the 2H values of the source 253 

water as a result of a large uniform biosynthetic fractionation (Keppler & Hamilton, 2008), (Anhäuser, 254 

Greule, Polag, Bowen, & Keppler, 2017). However, the2HBulk value more or less reflects the stable 255 

hydrogen isotopic signature of the source water (Sternberg, 1988), (Keppler et al., 2007). Thus, the 256 

correlation between2HMethoxy and 2HBulk represents this biosynthetic fractionation in good approximation. 257 

As this fractionation has been shown to be plant species-specific (Greule, Rossmann, Schmidt, Mosandl, & 258 

Keppler, 2015), varying natural sources serving as vanillin precursors like corn, rice, or potatoes might have 259 

different biosynthetic fractionations between source water or 2HBulk and 2HMethoxy. Figure 5 shows a clear 260 

separation of the samples of vanillin ex ferulic acid (corn) from the samples of vanillin ex vanilla pods which 261 

might be influenced by different biosynthetic fractionations as stated before. On the other hand, while all 262 

samples of vanillin ex pods show an average fractionation between 2HBulk and 2HMethoxy of - ‰, both 263 

samples of vanillin ex ferulic acid (corn) fractionate by only -26 and - ‰, respe ti el  (Figure 5). This 264 

discrepancy is not explainable up to now but can be probably attributed to processes during the extraction 265 

of ferulic acid from corn and/or biosynthesis of vanillin by fermentative bioconversion. It is highly unlikely 266 

that 2HMethoxy of corn will not exhibit a large biosynthetic fractionation to source water or 2HBulk, although 267 

this has not been analysed yet. However, the differentiation of vanillin ex vanilla pods from vanillin ex 268 

ferulic acid (corn) based on the ratio of 2HBulk to 2HMethoxy must be confirmed by extending the respective 269 

sample sets. Moreover, the correlation 2HMethoxy/2HBulk might have the potential to separate vanillin ex 270 

glucose from authentic vanillin samples due to the most negative 2H values in both, bulk and methoxy 271 

group Figure 5. Nevertheless, it must be emphasized again that it is mandatory to analyse more vanillin ex 272 

glucose samples for a reliable assessment. 273 
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 274 

Figure 5: 2D plot of 2
HBulk and 2

HMethoxy values of vanillin obtained from vanillin ex vanilla pods, ex ferulic acid (corn), and ex 275 
glucose 276 

Another analytical technique for the authentication of vanillin is the determination of 13C and 2H-SNIF-NMR 277 

isotopic fingerprints. Recently, vanillin ex ferulic acid (corn) has also been included in a database where 278 

vanillin from different precursors (ferulic acid (rice), eugenol, cucurmin, lignin, guaiacol, vanilla pods) were 279 

investigated (Guyader et al., 2019). The 13C isotopic profiles allowed a promising distinction of all of the 280 

precursor groups. However, a proximity between vanillin ex ferulic acid from corn and vanillin ex vanilla 281 

pods was observed, whereas these two groups were better separated by the 2H isotopic profiles. This is in 282 

accordance with the GC-IRMS results where the 13CBulk and 13CMethoxy of vanillin ex ferulic acid (corn) and ex 283 

vanilla pods are overlapping, while a separation can be observed when comparing the values for 2HBulk and 284 

2HMethoxy of both groups. One of the aims of the SNIF-NMR analysis is to reduce the needed sample amount 285 

which might open the possibility to analyse vanillin isolated from food products by SNIF-NMR (Guyader et 286 

al., 2019). In contrast to that, only a small amount of vanillin is needed for the analysis by GC-IRMS in 287 

combination with the Zeisel method. This method is therefore more appropriate to analyse quite small 288 

amounts of vanillin which are usually incorporated in processed food products. 289 
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Anyway, biovanillin ex glucose is expected to enter the market. The results of this study for vanillin ex 290 

glucose are alarming, as cheap vanillin enriched in 13C opens an easy route to fraudulently simulate the 291 

13CBulk range of vanillin from vanilla pods. This is particularly relevant as the 13CBulk value is often the 292 

parameter used to determine the authenticity of vanillin incorporated in food products (Schipilliti, 293 

Bonaccorsi, & Mondello, 2016), (Lamprecht & Blochberger, 2009), (Bononi, Quaglia, & Tateo, 2015).  294 

4 Conclusion 295 

Comparing stable hydrogen and carbon isotope composition of vanillin ex glucose with the current 296 

database highlights that i) there is an urgent need for an isotopic characterisation of vanillin ex glucose 297 

based on a sufficient sample set, ii) the mix of synthetic/biosynthetic vanillin with vanillin ex glucose can 298 

provide a cost-efficient opportunity to fraudulently simulate the 13CBulk range for vanillin from vanilla pods, 299 

and iii) there is an increased risk that biosynthetic vanillin will be sold as vanillin from vanilla pods when 300 

used as an ingredient in processed foods like ice cream. It was shown that the analysed vanillin ex glucose 301 

sample can be distinguished from vanillin of other sources by GC-IRMS. Moreover, data from vanillin ex 302 

glucose (obtained from different precursors like corn, potato, and rice) should be integrated into existing 303 

SNIF-NMR-databases, since this technique also delivers promising results for the distinction of vanillin of 304 

different precursors. The intention of this study is to encourage the extension of the database for 305 

biovanillin from different precursors, especially as vanillin ex glucose and vanillin ex ferulic acid from corn 306 

have the potential to complicate the authentication of natural vanilla flavour from vanilla beans in the 307 

future. 308 
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Supplementary Table 1 

     No. Geographical origin botanical species 13
CBulk [‰] 13

CMethoxy [‰] 2
HBulk [‰] 2

HMethoxy [‰] 

1 Papua New Guinea  V.planifolia -19.5 -21,8 -90.1 -216,2 

2 Papua New Guinea  V.planifolia -19.7   -89.3   

3 Papua New Guinea  V.planifolia -19.2   -91.9   

4 Papua New Guinea  V.planifolia -19.6   -90.6   

5 New Caledonia V.planifolia -19.8   -63.8   

6 New Caledonia V.planifolia -20.1   -66.4   

7 New Caledonia V.planifolia -20.0   -65.1   

8 New Caledonia V.planifolia -20.4   -62.6   

9 Costa Rica hybrid 3/4 V.Planifolia + 

1/4 Pompona -19.7   -90.3   

10 Costa Rica hybrid 3/4 V.Planifolia + 

1/4 Pompona -20.0 -17,4 -93.1 -205,4 

11 Costa Rica hybrid 3/4 V.Planifolia + 

1/4 Pompona -19.7   -86.7   

12 Costa Rica hybrid 3/4 V.Planifolia + 

1/4 Pompona -19.7   -90.0   

13 Kongo V.planifolia -20.5   -29.5   

14 Kongo V.planifolia -20.0   -36.1   

15 Kongo V.planifolia -19.9   -31.2   

16 Kongo V.planifolia -22.7   -37.2   

17 Uganda V.planifolia -20.7   -28.4   

18 Uganda V.planifolia -20.2   -28.8   

19 Uganda V.planifolia -20.3   -26.0   

20 Uganda V.planifolia -20.3   -27.8   

21 Uganda V.planifolia -20.7   -52.4   

22 Uganda V.planifolia -20.1   -52.4   

23 Uganda V.planifolia -20.6   -52.0   

24 Madagascar V.planifolia -19.8 -22,4 -56.7 -176,9 

25 Madagascar V.planifolia -20.6   -56.5   

26 Madagascar V.planifolia -21.3   -56.5   

27 Madagascar V.planifolia -20.9   -53.2   

28 Madagascar V.planifolia -20.4   -54.1   

29 Madagascar V.planifolia -20.9   -46.3   

30 Madagascar V.planifolia -19.9   -52.6   

31 Madagascar V.planifolia -19.1   -48.1   

32 Madagascar V.planifolia -20.4   -46.7   

33 Madagascar V.planifolia -19.5   -52.5   

34 Grand Comores V.planifolia -22.1   -45.0   

35 Grand Comores V.planifolia -21.0 -25,6 -42.9 -174,4 

36 Grand Comores V.planifolia -20.9   -48.5   

37 Grand Comores V.planifolia -21.3   -38.8   

38 Sri Lanka V.planifolia -21.2   -57.3   
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No. Geographical origin botanical species 13
CBulk [‰] 13

CMethoxy [‰] 2
HBulk [‰] 2

HMethoxy [‰] 

39 Sri Lanka V.planifolia -20.8 -23,4 -60.8 -196,4 

40 Sri Lanka V.planifolia -22.5   -55.4   

41 Sri Lanka V.planifolia -19.8   -72.9   

42 Sri Lanka V.planifolia -19.8   -57.5   

43 Sri Lanka V.planifolia -20.2   -59.7   

44 Sri Lanka V.planifolia -20.2   -60.1   

45 Raiatea V. Tahitensis -17.9   -43.2   

46 Raiatea V. Tahitensis -17.5   -46.3   

47 Raiatea V. Tahitensis -17.6   -44.8   

48 Raiatea V. Tahitensis -17.5   -48.3   

49 Cook Islands V. Tahitensis -16.4   -52.8   

50 Cook Islands V. Tahitensis -16.9   -50.5   

51 Cook Islands V. Tahitensis -17.1   -55.3   

52 Cook Islands V. Tahitensis -18.0   -54.5   

53 Bora Bora Islands V. Tahitensis -18.8   -45.1   

54 Bora Bora Islands V. Tahitensis -17.7   -49.3   

55 Bora Bora Islands V. Tahitensis -18.6   -45.7   

56 Bora Bora Islands V. Tahitensis -18.1   -42.0   

57 Mauritius  V. Tahitensis -16.5   -57.4   

58 Mauritius  V. Tahitensis -16.7   -58.2   

59 Mexico V.planifolia -19.8   -62.9   

60 Mexico V.planifolia -19.5 -24,1 -64.0 -179,6 

61 Mexico V.planifolia -20.0   -65.4   

62 Mexico V.planifolia -19.7   -64.2   

63 Mexico V.planifolia -19.7   -61.3   

64 Mexico V.planifolia -20.1   -61.6   

65 Mexico V.planifolia -19.3   -61.3   

66 Vanuatu V.planifolia -19.2   -70.9   

67 Vanuatu V.planifolia -19.7   -66.3   

68 Vanuatu V.planifolia -19.4   -66.1   

69 Vanuatu V.planifolia -20.4   -66.1   

70 Vanuatu V.planifolia -20.0 -22,9 -65.3 -184,4 

71 Indonesia V.planifolia -19.7   -61.7   

72 Indonesia V.planifolia -20.1   -62.1   

73 Indonesia V.planifolia -19.0   -67.9   

74 Indonesia V.planifolia -19.8   -70.7   

75 Indonesia V.planifolia -20.0   -71.5   

76 Indonesia V.planifolia -19.6   -69.6   

77 India V.planifolia -20.9   -67.8   

78 India V.planifolia -20.0   -73.9   

Vanillin 

ex 

Glucose     

-12,5 -15,1 -94,8 -223,2 

 416 
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A B S T R A C T

Black pepper is the most widely used spice in the world. Spices are highly vulnerable to economically motivated
adulteration as they are high value products and traded along complex supply chains. The main fraud oppor-
tunity is to add cheaper bulking materials. Near and Fourier-Transform Infrared Spectroscopy has been com-
bined with chemometrics to screen for the substitution of black pepper with papaya seeds, chili and with non-
functional black pepper material such as black pepper husk, pinheads and defatted spent materials. A good
separation performance between black pepper and adulterated samples could be shown. After running a binary
classification model with an external test set an area under the receiver operator characteristic curve of 0.98 for
both, the NIR and FT-IR model was obtained. This study shows the huge potential for a fast and rapid screening
method that can be used to prove the authenticity of black pepper and detect adulterants.

1. Introduction

Known as the “King” of spices, black pepper (Piper nigrum) is eco-
nomically the most important and the most widely used spice crop
globally. It is cultivated in a total of about twenty-six tropical countries,
among which Vietnam, India and Indonesia are the main producers.
Black pepper has extensive culinary uses for flavouring and preserving
processed food. Moreover, due to its antioxidant effects it is important
in the Indian traditional medicine manufacturing sector (Ravindran &
Kallupurackal, 2012). The worldwide consumption and also the price of
black pepper are increasing constantly. In 2016 about 430.000 tons
were consumed worldwide, from which 63.000 tons were exported to
Europe for a total business volume of 514 million Euro (CBI, 2016).

The globalisation of our food makes it more vulnerable to food fraud
with both unintentional and intentional fraud being perpetrated. The
latter is very often used for economic gain, also called “economically
motivated adulteration” (EMA) (Everstine, 2017). The risk for food
fraud increases proportionately with the complexity of the supply
chain. This in turn leads to opportunities to make huge financial gains
with a very low risk of detection. Spices are expensive commodities that
meet the criteria for a high risk of being affected by fraud. Especially
the addition of cheaper bulk materials provides a route to commit fraud
(Silvis, van Ruth, van der Fels-Klerx, & Luning, 2017). The prediction of

possible adulterants is not always an easy or sometimes even a possible
task. However, the cost of the adulterant, ease of obtaining sufficient
quantities of the adulterant, compatibility with the matrix and having a
viable method to adulterate the matrix are key aspects to consider in
the assessment of possible adulterants (US Pharmacopoeia, 2017). Pa-
paya seeds (Carica papaya L.) are assumed to be one of the most
common adulterants used for black pepper, due to structural resem-
blance, low price, and easy availability. (Dhanya, Syamkumar, &
Sasikumar, 2009), (Curl & Fenwick, 1983) (Bhattacharjee, Singhal, &
Gholap, 2003). Chili has been found in two of nine tested black pepper
market samples (Parvathy et al., 2014). Moreover has the adulteration
with buckwheat (Fagopyrum esculentum) and millet [finger millet
(Eleusine coracana); pearl millet (Pennisetum glaucum)] been in-
vestigated (McGoverin, September, Geladia, & Manley, 2012). Finally,
suspicious pepper samples have been inspected by microscopic analysis
(Tremlovà, 2001). The Food and Drink Federation recommends in their
guidance on authenticity of herbs and spices to consider the addition of
extraneous matter from the same plant as well as exhausted also re-
ferred as spent, defatted and depleted material (Food and Drink
Federation, 2016). To the best of the authors’ knowledge methods to
detect a broad range of potential adulterants in black pepper are not
available. Ground black pepper is the most common form of black
pepper available to the consumer in the western countries (Ravindran &
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Kallupurackal, 2012). It is particularly vulnerable to fraud, as an ad-
ditional processing step is included and adulteration cannot easily be
detected by visual examination alone.

There are several methods available to characterize ground black
pepper samples, but these methods are expensive and time consuming
(Aurich, 2009). In relation to the globally traded amount of pepper an
adequate number of controls by several traditional analytical methods
is not realistic. In contrast, spectroscopic fingerprinting techniques have
been shown to be low cost, rapid and comprehensive characterisation
tools (Casale, Bagnasco, Casolino, Lanteri, & Leardi, 2016). Along with
chemometrics a resolution of unique chemical information is provided,
which allows rapid monitoring of subtle compositional changes
(Rodriguez-Saona, Giusti, & Shotts, 2016). Therefore the comparison of
the fingerprints obtained from authentic samples to adulterated sam-
ples can reveal mis-description or adulterations (Riedl, Esslinger, &
Fauhl-Hassek, 2015).

The differential diagnostic potential of spectroscopic methods to
determine the deliberate addition was shown for illegal dyes like Sudan
dyes to paprika (Horn, Esslinger, Pfister, Fauhl-Hassek, & Riedl, 2018)
and chili (Haughey, Galvin-King, Ho, Bell, & Elliott, 2015) and also
plant-derived adulterants to saffron (Petrakis & Polissiou, 2017) and
oregano (Black, Haughey, Chevallier, Galvin-King, & Elliott, 2016),
(Wielogorska et al., 2018). A big advantage of spectrometric methods
combined with chemometrics lies in the fact that once a database is
established and a suitable data analysis protocol is determined, a new
sample can be screened within a few minutes. With a suitable user in-
terface, even non-specialist personnel can undertake sample analysis in
QC laboratories and factories (Wilson, Colquhoun, & Kemsley, 2001).

The present research investigated the feasibility of using NIR and
FT-IR fingerprinting to detect economically motivated adulteration in
black pepper. Based on a detailed literature review about fraud in-
cidents in black pepper and advice from the industry, a supervised
classification model with papaya seeds, chili, black pepper husk and
black pepper spent material has been developed. The potential of a non-
targeted spectroscopic screening method for the detection of econom-
ically motivated adulteration in black pepper is presented.

2. Material and methods

2.1. Sample collection and preparation

A total of 115 samples of black pepper were investigated in this
study. Samples from India (n=3), Vietnam (n= 33), Indonesia
(n=6), Sri Lanka (n=3), Brazil (n= 19) and Malaysia (n=2) were
provided by five different organisations. For nine samples the country
of origin is unknown, 40 samples are a mix from Vietnam, Indonesia
and Sri Lanka. In addition, black pepper husk (two from India, one from
Vietnam), spent material (two from India), pinheads (two from India),
papaya seeds (two), and chili powder (three) were sourced from the
internet and local retailers. All samples were stored at room tempera-
ture in the dark under clean and dry conditions. Prior to spectroscopic
analysis the samples and adulterants were ground to a homogeneous
powder using a ball mill (Planetary Ball Mill: PM-100 Retsch, Haan,
Germany). Approximately 5 g solid material were added into grinding
jars and milled at 600 rpm for 5min. For the adulterated sample three
pepper pools (obtained by the combination of different black pepper
samples) have been spiked at levels of 10, 20, 30 and 40 g/100 g with
husk, spent, chili and papaya powder, respectively. In total 48 spiked
samples were prepared.

2.2. FT-IR and NIR data acquisition

FT-IR and NIR spectra were collected on a Thermo iS50 spectro-
meter (Thermofisher, Dublin, Ireland) at ambient temperature. Prior to
sample acquisition an internal background has been collected. The FT-
IR samples were analysed on the benchtop FTIR with ATR accessory,

diamond crystal and DLaTGS detector. The samples were placed on the
diamond crystal sample area, while equal pressure was applied by the
slip clutch pressure tower. Spectra were acquired in the 4000-400 cm−1

range with 32 scans and a resolution of 4 cm−1. The NIR samples (5 g)
were poured onto the sample cup (diameter: 3.2 cm, height: 1.5 cm)
spinner on the Integrating Sphere module of the instrument. Spectra
were acquired in the 12000-4000 cm−1 range with 32 scans with a
resolution of 8 cm−1. Three replicates of each sample were measured
and averaged prior to data pre-processing.

2.3. Chemometrics

Chemometric analysis was carried out using the software SIMCA 15
(Umetrics, Sweden). Prior to model development pre-processing was
conducted. The spectral regions between 2800 and 1800 cm−1 in the
FT-IR spectra and the region between 12000 and 9000 cm−1 in the NIR
spectra contain no relevant sample information and were removed.
There upon common scaling and pre-processing methods and combi-
nation thereof were applied to the reduced data sets. The pre-processing
methods were derivatives, Savitzky-Golay (SG) and Standard normal
variate (SNV) (Table 1).

Principal Component Analysis (PCA) an unsupervised technique
was used to explore differences between samples and adulterants based
purely on spectral differences. Moreover, the variations between black
pepper samples from different geographical origins have been in-
vestigated. Afterwards a binary model was built with the supervised
technique orthogonal partial least square discriminant analysis (OPLS-
DA). The classification model was optimised by single cross validation.
6/7th of the dataset were used to create a model, while 1/7th was re-
moved as validation set. For each validation set the prediction error is
stored. This procedure was repeated for all subsets. The total prediction
error for all the models is calculated and the model with the lowest total
prediction error selected. R2 is a measure that describes how well the
data are explained by the model. Q2 indicates for the prediction ability
of the model and is here used as a measure to describe the model
predictability after internal validation (Sartorius-Stedim, 2017). The
model predictability has further been evaluated by running a test-set
with samples that has not been involved in the model development
(external validation). Thirty pure black pepper samples (typical sam-
ples) and 48 spiked samples (atypical) were included in the test set. The
sensitivity is the percentage of the correctly detected pure black pepper
in relation to all pure black pepper samples in the test set. It can be
expressed as TPR = TP/(TP + FN), where TRP describes the true po-
sitive rate, TP the true positive (correctly identified samples), and FN
the false negative (incorrectly rejected samples). The specificity is the
percentage of detected adulterated samples in relation to the adulter-
ated samples in the test set. It can be expressed as TNR = TN/
(TN + FP), where TNR describes the true negative rate, TN the true
negative (correctly rejected) and FP the false positive samples. The ROC
(receiver operator characteristic) curve has been used to assess the
prediction ability of the model after external validation. The ROC
combines the true positive rate (TPR, sensitivity) with the False positive
rate (FPR, 1-specificity). A ROC curve plots TRP of a test set versus FPR.
The work flow for the exploratory data analysis, model development,
internal and external validation is summarised in Fig. 1.

Table 1

Pre-processing methods and different combinations applied to the NIR and FT-
IR data.

1st step 2nd step scale

none none none
none none pareto
SNV none pareto
1st derivative, SG SNV pareto
SNV 1st derivative, SG pareto

A.S. Wilde et al. Food Control 100 (2019) 1–7
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3. Results and discussion

3.1. NIR and FT-IR spectra of black pepper and adulterants

The visual inspection of the FT-IR and NIR spectra of black pepper
and the adulterants reveals that both techniques enable the observation
of spectral differences. Spectra A1 (Fig. 2) shows the FT-IR spectra of
black pepper, husk, pinheads and spent material. Relevant sample in-
formation about functional groups are in the region between 3800 and
2800 cm−1, whereas the fingerprinting region is found between 1800
and 400 cm−1. Black pepper husk is the skin of black pepper, pinheads
are the under-developed and broken berries of black pepper and the so-
called spent material is obtained after the oleoresin is extracted from
the black pepper berries. Oleoresin contains piperine, the most pungent
main compound in black pepper. From FT-IR spectral information,
pepper oleoresin has shown to have mainly bands due to=CeOeC
stretching vibrations at 1194 cm−1 and 1252 cm−1 as well as CH2

wagging vibrations at 996 cm−1, which is in correspondence with the
specific signals at 1633 cm−1, 1580 cm−1, 1252 cm−1 and 996 cm−1

for piperine (Schulz, Baranska, Quilitzsch, Schütze, & Lösing, 2005).
The respective bands are regarded as diagnostic signals, which

distinguish the black pepper fruits from husk, pinheads and spent ma-
terial. The latter are expected to contain no or very little rests of
oleoresin (Fig. 2, Spectra A1). The differences between black pepper
fruits and foreign plant material like papaya and chili are more obvious,
the most significant variations are in the fingerprinting region (Fig. 2,
Spectra A2). In NIR spectra absorptions of overtones or combinations of
fundamental stretching bands occur. The bands, usually caused by C, H,
N or O stretching are weak in intensity and very often overlapping.
Therefore the NIR is often not very useful for identification purposes.
However, important differences between the samples can be seen in the
raw spectra (Fig. 2, Spectra B1-2) and in combination with chemo-
metrics these differences have the potential to be exploited for classi-
fication models (Stuart, 2000).

3.2. Pre-processing

Pre-processing aims to enhance the feature sought in the spectra by
reducing the variability that is not related to the sample information of
interest (Rinnan, Berg, & Engelsen, 2009). First, the raw spectra were
inspected and regions without sample information have been removed.
Mathematical pre-processing methods like derivatives, Savitzky-Golay

P

Training set

Raw data: 85 black pepper samples (typical)

11 adulterants (atypical)

Processed data

78 x 1350 variable for FT-IR

78 x 1297 variables for NIR

Test set

Raw data: 30 black pepper samples (typical)

48 spiked black pepper samples (atypical)

External model

validation

Internal validation

Training set 96 samples

Model generation by

7-fold single-CV

Performance indicator:

Q2

Final binary o-PLS-DA model

4 components for FT-IR

5 components for NIR

Processed data

96 x 1350 variables for FT-IR

96 x 1297 variables for NIR

Pre-test

PCA as indicator for model

reliability/ Check for

representability of samples

Pre-processing

126 x 1350 variables for FT-IR

126 x 1297 variables for NIR

Model testing

Pre-processing

Split raw data

Performance results

Performance indicator:

ROC

Raw data

115 black pepper

samples

11 adulterants

Fig. 1. Workflow for the binary o-PLS-DA classification model, including PCA reliability check, pre-processing, model development, internal and external validation.

A.S. Wilde et al. Food Control 100 (2019) 1–7

3



(SG) and Standard normal variate (SNV) are used for scatter correc-
tions, resolution of peak overlap and elimination of linear baseline
drifts. There is no straight-forward strategy to apply mathematical pre-
processing techniques that is suitable for all data and purposes. It is
rather difficult to assess a proper choice of pre-processing prior to
model validation. Therefore, several pre-processing methods have been
tested. The prediction measure error Q2 value, which is a measure for
the prediction ability of the model obtained by internal cross-validation
of the multi-class training set has been used as a parameter to assess the
suitability of pre-processing method. Derivatives, SG and SNV are very
commonly used techniques and have been tested individually as well as
the combinations thereof (data not shown). Finally, SNV, 1st Derivative
and SG were found as a suitable choice for the model generated by NIR
and FT-IR data.

3.3. Exploratory data analysis

When using multiple linear regression techniques with a dataset
where the number of variables exceeds the number of samples, there is
a risk of building a too optimistic model (Brereton & Lloyd, 2014).
Spectral datasets usually contain much more variables than samples
and it must be ensured that correlation with the classifier is not just by
chance, but due to reliable differences (Westerhuis et al., 2008). Prin-
ciple component analysis (PCA) as an unsupervised method can serve as
an indicator for model reliability. The principle components in a PCA
model point in the direction of maximum variance (Bro & Smilde,
2014). Therefore differences between the groups are exclusively caused
by the major contributors to the total variability, which are considered
as more reliable. In contrast to that, OPLS-DA can find smaller sources
of variation in order to maintain group separation. These variations
might be less reliable and therefore less viable for a generalised model
(Worley & Powers, 2016). However, the score plot of the first two
components of the PCA models generated by the FT-IR and NIR data

show separation between the groups of black pepper and the other
adulterants (Fig. 3, score plot A1 and B1). Thus, it is indicated that the
differences between the groups shown by the OPLS-DA model (Fig. 3,
score plot A2 and B2) are based on reliable variations in the dataset.

The 115 black pepper samples originate from six different countries
and were provided by five different organisations. The pepper samples
from a quite heterogeneous origin are tightly clustered together and
show a clear distance to the adulterants (Fig. 3). The OPLS-DA models
generated by NIR and FTIR respectively, reveal that adulterants from
the pepper plant (spent, husk, pinheads) are related to positive scores,
while adulterants from foreign material (chili, papaya seeds) are related
to negative score values on the second factor.

Considering the information about the geographical origin the PCA
model illustrates that the different black pepper samples are similar and
can therefore not be clearly separated by the origin (Fig. 4). Thus, these
methods are not indicative to describe the geographical origin of black
pepper. However, given that spectral characteristics of the ground black
pepper are not mainly determined by the geographical origin, it in-
dicates that the available samples set is useful even though it reprents
only six of the twenty-six countries that cultivate black pepper.

3.4. Non-targeted binary classification model

Due to the nature of food fraud it is not known which adulterants
may be added to black pepper. Thus, a rapid quality check will de-
termine, whether a sample meets the specifications of black pepper or
not. A non-targeted binary model with typical samples (black pepper)
and atypical samples (adulterants and spiked black pepper) has been
developed and validated. The model has been assessed by internal
cross-validation followed by an external validation. A harmonised va-
lidation procedure for non-targeted fingerprinting approaches is still
missing (Esslinger, Riedl, & Fauhl-Hassek, 2014), (McGrath et al.,
2018). However, in order to test whether the model is suitable for

Fig. 2. FT-IR (A1-A2) and NIR (B1eB2) averaged raw spectra of black pepper, husk from Vietnam, husk from India, pinheads, spent, chilli, papaya. Spectral regions
without relevant sample information are grey shaded.
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general applicability it is required to run a test-set that has not been
involved in the model development (US Pharmacopoeia, 2017).

The training set has been used to generate the binary OPLS-DA
model (Fig. 5). The optimal number of components has been de-
termined by a 7-fold internal cross validation. High values for measure
of fit R2 and the prediction ability Q2 indicate that the model describes
and predicts the data very well (Table 2).

The binary classification model was generated with pure black
pepper samples and pure adulterants. The test-set, consisting of 48
spiked black pepper samples and 30 pure black pepper samples, was
run against this model. For generating atypical samples spiking level of
10–40% (w/w) has been chosen. Based on the authors’ extensive
knowledge of food fraud levels of bulking from 10% upwards makes
adulteration economically viable, whereas a bulking level above 40%
can become very suspicious.

The area under the ROC curve (AUROC) serves as a quality measure

that enables the comparison between different models. A random de-
cision method is represented by an AUROC-value of 0.5, whereas a
good non-targeted method should have an AUROC-value close to 1 (US
Pharmacopoeia, 2017). The areas under the ROC curve for the model
generated by the NIR and the FT-IR dataset are 0.98, respectively
(Fig. 6). The high values indicate, that both binary classification models
are equally suitable for the detection of adulterants in black pepper
samples.

Moreover, the ROC curve is used to assist with setting the model
boundaries, which is a trade-off between the sensitivity and specificity
rate of the method. The risk of not-detecting adulterated samples must
be balanced against possible incurred cost by discarding or double
checking unadulterated samples. This method is intended to detect
adulterants that are added as cheaper bulk material, which causes a
decrease of the quality of the product, but are not expected to be a food
safety risk. Therefore a very high specificity rate, which ensures the

A1 B1

B2
A2

Fig. 3. Multiclass unsupervised PCA (A1 and B1) and supervised OPLS-DA (A2 and B2) score plots of the FT-IR and NIR data (pure black pepper and pure adul-
terants).

Fig. 4. PCA score plots of FT-IR (A) and NIR (B) with 66 black pepper samples from different geographical origins.
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detection of all even low adulteration level at all costs is not reasonable
for this specific case. The Youden-Index J describes the threshold where
the separation between the groups is most efficient, it can be calculated
by J=maxc {Sensitivity(c) + Specificity(c)−1}, where c describes all
possible threshold values. The Youden index ranges from 0 to 1, while a
value of 0 indicates no separation between the pure and the adulterated
samples and a value of 1 perfect separation. A Youden-Index of 0.95
and 0.96 have been determined for the FT-IR model and NIR model,
respectively. The Youden-index has been chosen as exemplary
threshold for the FT-IR and NIR model, the obtained specifity and
sensitivity rates are presented in Table 3. The specificity rates for re-
spective subgroups of spent/husk and the foreign plant material pa-
paya/husk are the percentages of samples that have been correctly
classified within this subgroup. The specificity rates for respective
subgroups of spent/husk and the foreign plant material papaya/husk

are the percentages of samples that have been correctly classified
within this subgroup.

The model performance allows to choose thresholds that leads to
high sensitivity and specificity rates. As the differences in the spectrum
between adulterant and black pepper are more pronounced at a higher
adulteration level the prediction reliability increases with a higher
spiking level. The method has shown to be capable of detecting adul-
terants in ground black pepper and provides an impetus to working
towards the introduction of this non-targeted fingerprinting approach
to the routine testing environment. The model can be further extended
by the addition of more adulterants and black pepper samples from
different regions. Moreover, the system should be challenged by long
term stability tests and robustness checks like e.g. analysis by different
operators and different instruments (Riedl et al., 2015).

4. Conclusion

In this feasibility study, FT-IR and NIR spectroscopy were combined
with chemometrics to test the potential of revealing economically
motivated adulteration in ground black pepper. A non-targeted fin-
gerprinting approach was applied to detect adulterants such as papaya
seeds and chili, but also adulterants from the black pepper plant itself
like husk, pinheads and spent materials. The latter of these are highly
likely to be added to ground black pepper by unscrupulous companies
and are impossible to detect by methods that are based on DNA ana-
lysis. Internal and external validation indicate that classification models
built on FT-IR as well as NIR spectroscopic data are capable of detecting
these forms of adulteration. This study has shown the potential for a fast
and rapid screening of ground black pepper and gives a strong impetus
to expand the approach by further validation and system challenges.
Considering the huge volume of worldwide traded black pepper, a fast,
cheap and easy to use surveillance method is needed to counterfeit
fraud in an efficient way.
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