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Abstract

The present Doctat Thesisdeals with the #depth chemical characterization of the Italian
olive oil volatile fraction contributing to the quality features of this unique product, with emphasis
on compounds correlated to sensory perception. With this objective in nanth edgmts have
been directed to the development of analytical strategies for accurate profiling and effective
fingerprinting of volatile organic compounds (VOCs). Through a systematic design, sample
preparation by headspace techniques has been eaplbiitsdperformances examined in light of
the molecular resolution potential of multidimensional gas chromatography coupled to mass
spectrometry and flame ionization detector. Moreover, the challenging step of multidimensional
signals data processing, b@sn also investigated for its flexibility and reliability when multiple
analytical batches or signals derived from different analytical platforms have to be explored. Th
outcomes of the PhD project research have the ambition to propose straightfalytcdl a
solutions that achieve molecular resolution characterization of olive oil. &/@f@dil{ngwvith all
the advantages @hgerprintieffectiveness in sampldentidatiaand discrimination. By these
analytical tools, that include computsion strategies aadificial intelligence smelling, faazhines
quality objectification makes a step ahead as advanced analytical chemistry enters in our daily lif

Extra virgin olive oils (EVOOSs) analyzed during a timeframe of 3 years were sypplied
Progetto Ager, with the grant WVal ori zati on of ' talian OLi vV
analytical tools/ | O L | BYOOs were selected within tgpality products often awarded with
extracertifications as protected designation of adi§BO, prdected geographical indicatibn
PGl, or as Organic. Samples represent a snashetimpressively complex heritage of olives
genetic varieties typical of the Italian produdtmlpout 540 different registered cultivars and 46
PDO EVOOs) and of th impact ofheterroidue to the local pedoclimatic related to the different
geographical location® (Regions).

EVOOs is recognized as the most valuable product among the edible oil, and the reason of the
increasing demand for highality EVOO igelated not only to its nutritional and healthy values,
due to the presence of antioxidants and high oleic acid content, but also to its peculiar sensor
characteristics. For this reason, EVOO is listed among the top foods subjected to adeigeration (
addition of external cheap products, mislabeling practices etc.), with quality control issues that at
mainly related to a lack of sufficiently powerful analytical methods able to provide an objective
classification of olive oils (OOs). In particular, @Qoi date the only food product whose
classification wfficially regulately an evaluation of the sensory properties based on a Panel Test
assessment, and the scientific community is searching for analytical methods able to support it.
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When the aim is to provide a fd&ntitatiaf an OO,i.e, to define the identity of a particular
OO based on the characteristic features that make it singular or unique, multidimensional analytic
(MDA) platforms are required. They are charactdiyzéte combination of a physicochemical
separation(e.g. chromatography, electromigration, size exclusion, etc.) with spectroscopic
techniquese(g.Mass SpectrometryMS, Nuclear Magnetic Resonan®MR, Infrared- IR,
Ultraviolet - UV, etc.) havingthe potential to discriminate, identify and quantify sample
constituents, providing a solid foundation for generating hypothesis driven studies.

In particular, the core of the research activity of this PhD project is represented by MDA
platforms combiningheadspace sampling (HS), multidimensional separation, and different
detection approaches often combined with op
was optimized and/ or adapted to matchngéor s
of concentrations to cover.

Headspace sampling was explored as the most suitable sample preparation approach to cov
highlyto-semi volatiles within the EVOO volatilome. A series of high concentration capacity
(HCC) techniques were tested includeigsdglid phase microextraction (SPME)hé€apspace
sorptive extraction (HSSE) with either a smglerial coating (polydimethylsiloxaR®MS) or
a dualphase coating that combines PDMS/Carbopack and PDMS/EG (ethyleneglycol); (c)
monolithic material sptive extraction (MMSE), using ed&yl silica combined with graphite
carbon (ODS/CB); and dynamic headspace (d) with either PDMS foam, operating in partition
mod e, or Tenax TAE, o0 pAmongthem,nSEME was feuddsetmep t i o r
most suiable for both accurate quantitative profiling and comprehensive fingerprinting due to the
possibility of d@ll automation and integration with tailableanalytical platforen Sampling
parameters by SPMie(amount of sample, sampling temperaturesamgling time) were then
optimized matching for headspace linearity conditiams, pr ovi de a meani ngf u
componentsand a realistic quantitative reference for quantitative investigations.

The separation step was by comprehensivditmensional gas chromatography (GCxGC),
selected for itseparatiopower, sensitivity, afor the intrinsic potential of being alscedfective
fingerprinting toolln view of gpossible routine adoption of GCxGC screertimg translation of
analytical mbkods from a platform equipped witHoap-type thermal modulatdao a system
equipped with a differentifdw modulator (DFM) was therefore investigated and operational
parameters optimized.

The hyphenation of the GCxGC with a mass spectrometry (M&jaleadds another level
of specificitywhile providing essential information for analyte identifictitaorks to the spectra
produced by electron ionization (El). The potential of a Tandem lonizatystem, able to
provide variable energy electamzation, was also explored.

The large amount of information provided by theSPBIEGCxGC-MS requires for
dedicated data elaborations to exploit the informative levels encrypted byceampplesnts
distribution. In this context, advanced fingerprirgimgroaches,e.,combinedUntargetexhd
Targeted (UT) fingerprintang exploited to allow a comprehensiwsssample comparison by
consideringyoth the distribution of known and unknown volatisreover, a workflow for
chromatographic fingerpting by template matchihgsed on pattern recognition algorithms was
defined, optimized and adapted through dasdigmment tools to addre2B-peak patterns
variations occurring in logrm studiesas to cover different harvest years of -Bfeelf
modifications.

The optimized analytical workflow was then applied on a large selection of EVOOs, providing
validation of ripening markers and quality indicators and solid foundation for isi@migizson
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and discrimination based on production regions. FinallyT fimgerprintipgbcess was combined

with an accurate quantitative profilmygmultiple headspace solid phase microextraction (MHS
SPME)to quantify a large selection of-keprants and quality markers by external calibration and
flame ionization detectidFID) predicted relative response fac{BRFs). By accurate amounts

of odorants responsible of positive and negative attribdtasactivity values (OAVg)ere

defined while extending the concept of sensomics based expert system to a fully automate
platform acting aartificial intelligence smellingthadeimeeate EVOOs aroma blueprint
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Outline

The Doctoral Thesis organized ifive chaptergovering the main topics of the research
activities conducted over the three years of the project.

Chapter 18 The olive oil. This chapteproposesnoverviewon olive (Olea europaepn L

oil production chain biptroducingplive treebotanicafeaturesfollowed by a brief history

of the productvith a focus on the Italidreritage. Then, the process of transformation of
olives into edible oil is described, the legislation framework for olive oil classification is
introduced highlighting the peculiar dbod for which the olive oil is, to date, the only

food product with commercighbssification officially regulate@lsgnsory evaluatiom

Panel Test). Olive oil composition is then described, while a specific section is dedicated tc
the volatildraction, object of this thesis.

Chapter 20 Comprehensive twedimensional gas chromatographyIn this chapter,

the brief introduction on the origin of multidimensional gas chromatography (MDGC) is
foll owed by the conceptsalbnaaiitgnd ahdt h
of the two general categories of MDGC, the teamIDGC (H/C MDGC) and the
GCxGC, which is thecore analytical platfornof this PhD project Columné
configurations and related properties (e.g., orthogonality, selectiggparation logic)

are introduced. A focus on the modulation process and on the evolution of modulators
technology complete the technological overview.

Chapter3 o Principles of chemometricsThis chapter providan overview of theost

common data pomssing and data mining approaches suitable to explore the great
complexity of GCxGC patterns; they are introduced according to a rational workflow from
the design of experiment (DoE) to the creation of classification and regression models.
Principles of DE are explained, together with the main dedigr®iped in designs for
screening and response surface de3ignd the parameters considered to evaluate the
model. Then, raw chromatographic data preprocessing steps, directed to the correct
acquisition,interpretation, and alignment of GCxGC analyses, are described. Data
processing includes pertinent algorithms adopted for the purpose of this thesis. Multivariate
analysis completthe chapter by describing exploratory analysis algorighmsnCipal
component analyi$?CA, and cluster analy&(SA) and supervised techniques|{near
discriminant analy$i4d DA, k-nearest neighbdrk-NN, classification and regression tree

0 CART, @ft independenmodeling ofclassanalogyd SIMCA, pincipal component
regressiofl PCR, partial least square regres®diirS, and partial least square discriminant
analysi® PLSDA).
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Chapter4 8 Published reviewslt is dedicated to reviews published within the PhD thesis
period; they are:

A
A

A

Chromatographi fingerprinting by comprehensive -tlmensional
chromatography: fundamentals and tools.

Untargeted approaches in famdics: the potential of comprehensive two
dimensional gas chromatography/mass spectrometry
Comprehensive twidimensional gas chromatgdna as a boosting
technology in foo@mics investigations

Chapter 58 Published research paperd his last chapter includes the published research
papers dealing with technical advancements related to the characterization of the EVOO

they are:
A

Highly inbrmative fingerprinting of extvirgin olive oil volatiles: The role

of high concentratieoapacity sampling in combination with
comprehensive twdimensional gas chromatography

Chromatographic fingerprinting by template matching for data collected by
comprehensive twdimensional gas chromatography

Untargeted and Targeted Fingerprinting of Extra Virgin Olive Oil Volatiles
by Comprehensive Twimensional Gas Chromatography with Mass
Spectrometry: Challenges in L-Oregnm Studies

A step forward in the atyalence between thermal and differdiuial
modulated comprehensive tdimensional gas chromatography methods
Exploring the extrairgin olive oil volatilome by adding extra dimensions
to comprehensive twadimensional gas chromatography and timebf f

mass spectrometry featuring tandem ionization: validation of ripening
markers in headspace linearity conditions

Chromatographic fingerprinting enables effective discrimination and
identitatiaf highquality Italian extrairgin olive oils

Delineding the extravirgin olive oil aroma blueprint by multiple headspace
solid phase microextraction and differefibel modulated
comprehensive twdimensional gas chromatography
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Chapterl

The olive oll

11 Oleaeuropaed..
11.1 Botanical introduction

The olive treejlea europhgadelongs to the botanical family of Oleataad twosubspecies
can be foundOlea européeasp sativaor olivenamely the cultivated olive tree, @teh europaea
L. ssp sylvestrir oleastaramely the wild olive tree.

Olea europdeds native ofthe Mediterranean basin avidldle East, cultivated after a long
process of domestication and selection. It is a typical Mediterranean plant,fécataan
temperatures in winter, but needs of warm springs and hot sudlimerseedemand for water
is notveryhigh,althoughnon-stratified and moderately fine textured,qmits/idingaeration for
root growthandhavnga high water holding capaecitg prefeabfe

Olea européeaarsativas an evergreeslowgrowingsmall tre§maximum height of-80
meters) characterized by a greyish cylindricalitrtintke tenth year of age, after which it becomes
knotty, contorted and with a darketour?

Leavegrow from spring to autumn and are shed every two yeasgtbpposite, lanceolate
and persistent; 5cm long and-2 cm broad, dark green in the upper sidesidretin the lower
side, depending on the presence of trichdhiéswers growing on axillary branches, are white,
with a persistent quadridentate calyx and a gamopetalous tetrala¢48onoh):?

The fruit isproduced through a phenomenon knowmnédactiorundifferentiated tissue is
transformed into vegetative and/or reproductive buds by endogenous metabolic factors and, i
general, a year of low production is followed by a year of high vegetative avficityessa he
olive is an oval or spheroid drdp@5 cm long and4 g weight, composed by different paes
Figure 11):
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- Epicarp or skin (1-8%), with a color that change
from green to purpiblack during the ripening ar
covered by a protective waxy layer

- Mesocarp or pulp (786%) characterized by a high «
content

- Endocarp or kernel (228%), a woody shell containii
the seed (4%), itself constituted by an exten
membrane named episperm enveloping
endosperm, finally including the embryo, auntaia
small amount ¢1.5%) of oil hardly extractable.

The olive chemical composition is influenced by se
factors, including cultivar, ripening stage, pedoclimatic conc
etc. However, a ripe olive isanerage composed by e6006 of
water 1535% of oil and 220 % of carbohydrates, with
remaining part which is mostly raw fiber and%sh. (

Figure 1.1 Olive structuréAdaptedrom?

112 History

Olive tree is one of the oldest plant in the world and it seems to have coexisted with humans
since the early bronze age, years a@bhaving its origin in thegion corresponding to
Persia and Mesopotarhibhe olive plant later spread from this area to nearby territories on the
eastern Mediterranean Coast, corresponding to pitageByria, Palestine and Leb&fiéiter
the domesticatiom this ared spreadrom east to weshanks to Phoenicians, nation of traders
and navigators, to Egypt, Crete and Greguie 12), where its cultivation wésvored by
extremely suitabbdimate and soits®

Figure 12. Diffusion of the olive tree cultivation in the Mediterranean area, distinguished
in first (blackines) and second wave (red dotted fine).

In Italy, the olive tree was known since the period of the Etruscan civilization, timvever
regular cultivation was adopted after the
corresponding to the present Sicilia, Calabria, Campania, feuBkaikcata regiohRomans
learned olive cultivatidhrough their contacts with Greeks colonies in kalg, contributed
themselve® propagate olive diffusion in all the Roman Empire, expanding their dominion into
North Africa and IberiaReninsul&™
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In summary, all ancient civilizations grown around the Mediterranean basin and in the Middle

east evolved, in different moment, the olive cultivaigawvingclear evidence of olive cultivation
and oil production activitidsigure 1.3). The olive was a key element of the Mediterranean culture
however, interestingly, the edible use was not thecmma‘on antbr the main oné? 12Ollve oil
was primarily a lamp &€l in the ancientgs .
Egypt was used in religious ceremonies ars
an ointmertt as inGreece where it was use
as pharmaceutical ointment to cure disea
make skin and hair appear healtdmerduring
athletics ceremonigs.

The key role of the olive in the ancie ®
cultures is finally testified by myths &3
religions. In Greek mythology, in the confl®
for the possession of the Attica regi
Poseidon and Athena offers to people diffe : 3
gifts. Poseidon used higdent to create == el e
seawater Spring on |and’ C|aiming Athen Figure 1.3Archaeqlogi.cal finq, in tﬂ(mossos Palace.
would rule the waves (another version Crete: vases (pithoi) for olivesadrage?

Poseidon offering the first horse, symbolizing

war and powerwhile Athena creat¢he first olive tree, symbol of food, lighting, medicine and
cosmaétcs. People preferred Athenads gift, giv
honor#*3In the OldTestament instead, in the narration of the Flood, Noah released a dove that
returned with an olive branch, symbol of the new peace between God asd*human

113 Italian cultivars

A cultivais a group o$imilarof plants selected for one or more desirable characteristics that
are maintained during propagatiand it is worthy of mention the origin of this term, which
probably derives from a combin&tion of the

The Italian olive genetic assets is the widest in thewitnl838 registered cultivars against
the 262 registerddr Spain, which is the first world produakolive oil'***However, a limited
number of cultivars iatensivelyused: about 80 cultivars account for the 90% of the total olive
growing surface area in Italy and, in p#atic24 cultivars account for about the 60% of the total
olive growing surface atédhey areCoratina, Ogliarola salentina, Cellina di Nardo, Carolea,
Frantoio, Leccino, Ogliarola barese, Moraiolo, Bosana, Cima di Mola, Dolce di Rossano, Ogliarol.
messinese, Ottobratica, Sinopolese, NocellaBeldad, Canino, Carboncella, Itrana, Moresca,
Rotondella, Taggiasca, Tondina, Grossa di Gerace, Nocellara Etnea

Not all cultivars are widespread throughout Italy glohitregion has itsva typical ones, that
in many cases have been genetically chaegtféigure 14 shows the regional map of the
principal and most used Italian Olive cultivars, each one characterized by typical flavor perception:
from the marked strorigtterandspicyotes distinctive of Coratina (Puglia) to the well balanced
taste withalmonendfreslgrassotes characterizing Frantoio (Tosca&ndjigure 1.4reportsthe
region of origin and traditional cultivationmajorcultivas from ItalySome of them, as Leccino
and Frantoio, areigespread in all the Italian saild in the latest decades thesetransplanted
and cultivated alsoinPemt e and Val dodAosta, thanks to t
temperatures.
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4 — Lombardia
Casaliva, Grignano, Favarol,
Gargna

17 — Basilicata
Ogliarola, Coratina,
Maiatica

20— Sardegna
Bosana, Semidana, Nera di
Villacidro, Tonda di Cagliari,

Pizz E Carroga

Figure 14. Regional map of the principal Italian Olive cultivars.
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1.2 From olives to olive oill
12.1 Ripening stagesind maturity index

Thedeci sion of the proper owheno for the
characteristics, color, shelf life and yield of the final olive oil probueddrvest time depends
on a series of factoise(cultivar, pedoclimatic conditions as temperatures and sunlight, irrigation)
i nfluencing the ripening process, which re:
decrease of the total polyphenols content, increase of the unsaturated fedtstiacidsspecially
oleic acidand changes in tocopherols and pigments levels are the mosft&evant.
Ripening stages of olives are essentialey (Ajegren immature and quite firm fruit, with a
high content in polyphenols and chlorophyll resulting in a quite green oil, characterized by marke:
bitteandpungenbtes; (b) veraison fruit, having a skin that turns-purgete color and with a still
high mlyphenol contentresulting in soméitternesnd pungencgithough balanced hige
developing of some rifriity characteristics; (c) black mature fruit (even if some varieties never
turn totally black), characterized by a low content of polypheshalsi@rophyll and an increased
content of carotenoid, with the resulting oil more golden in color and desabeeldesDitter
and lespungefitThe oil yield increases fronegn to black olives because of an easier destruction
of vacuoles containing oils, while the shelf life is shorter for oils produced from black m&ture fruit
Although highqualityoilsare usually produced from olives picked at least at the veraison stage
harvest timing depends atsothe desired adlroma andhelf lifecharacteristic arghould take
place whemost ofthe olives are at the desired stage. To help producers in their eaaidation
comparing oils from year to year, a maturity iiMig¢xvas developed in 1975 by Uceda and#rias
and it is still considered the official method by the International Olive Council (I0C). The maturity
index depends on the color of skin and flesh ehandred olives randomly picked out from a
representative sample of the olives in a crop and eacis akggned ta score from 0 to 7
(Figure 15): 0) skin color deep green, 1) skin color yajteen, 2) skin color with less than half
the fruit surface turning red, purple or black, 3) skin color with more than half the fruit surface
turning red, purpl or black, 4) skin color all purple or black with all white or green flesh, 5) skin
color all purple or black with less than half the flesh turning purple, 6) skin color all purple or black
with more than half the flesh turning purple, 7) skin colarplemr black with all the flesh purple
to the pit.
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Figure 15. The eight score classes used to calculate the maturity index dadifiesl from [21].

At this point, by followingquation 11, the number of the olives in each group is counted
andthe olive Ml is calculated as the sum of the number of olives in each group (n) multiplied by
the relative score, and finally divided by 100.

Equation 11 00

122 Harvest

Olives aregenerally harvested between the end of October and the beginning of March,
depending of the climate, the cultivar and the harvest rfiethod.
Harvesting method are referable to three main grodips:

- Handpicking: it is the best method, with olives directly sallato a basket, however
it is also the less efficient and consequently the most expensive.

- Stripping: it is faster and less expensive, devdlmoegh (mechanicaljlevices
however it is stressful for the trees and olives could be daviesgedmmornevices,
with an increasing degree of automation, are: (a) plastic rakes and long wood sticks, (b
electric vibrators or shaker sticks, (c) machinery which shakes the entire tree.

- Picking after the fall, from nets placed under the tree crown or divectlye ground:
in this case olives are contaminated with vegetégves and small branches) and
mineral i(e, soil, dust, small stones) impurities.

The three method are listed in decreasing order of costs and time, buesustingfjuality
stripping and fall could damage olives, and usually fallen olives have a degree of maturation high
that the desired, with a consequent increase of tlaeittiég and a reduced sHigf®
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12.3 Extraction

The olive oil extraction is a procesmposed by different technological stepke entire
procedure can be in continuous or not, anghiaee separatiocan be conducted by using various
technological approachdwwever,before the final separative stelgamng, crushing and
malaxatiomre required to turn the entire olives attomogeneougaste

12.3.1 Cleaning

The first step in the oil extraction
process is the removal of extraneous
matter that can affect the final quality
the olive oif?

Before washing, leaves are remov
they are responsible of an increase
greencolor of the oil, depending on a
higher quantity of chlorophyll pigmen
and of a stronger perceptiongoéeteaf
like and bitternotes (depending on anf
increased level dfE)2-hexeng] that |
may not be agreeable for consuniéts. y

After leavesemoval olive washing
is performed to remove dust, sand, ._"
small stones, and any metallic§
contaminant(Figure 1.6 They are
removed both for hygienic reasons ¢
because they are abrasive and could
damage the metallic parts of a hanmill®**Moreover, to produce a tgality extra virgin olive
oil (EVOO), it is appropriate to perform a selectionebtives, by excluding wrinkled and rotten
ones usuallyvashingnachines are provided with grills intended for theficslectior:*23

Figure 16. Leaves removal antiveswashings

12.3.2 Crushing

The second step consists in olives crushimgh cause the dilopletselease by breaking up
the cellular structurspecifically, thgacuolesand smashing the endocarp. The result of this
process is an olivegta, composed by oil, water and sblits.

The traditional methotbnsists imlive crushingonducted bg-6 granite mistones for 20
40 minutesKigure 1.7A), while modermachines are higbtation centrifugation system equipped
with metallic crushers, as digkgure 17B) or hammersHigure 17C), usually integrated into a
continuous proce$$®
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Figure 17. (1.7A) Traditional stones mill,.fB Disks crusherl(7Q Hammer crushés.

Themillingmethod affectthe quality and tremountof the olive oil producedh particular
metallic crushers result i n higheralsoexther act i
fact thatiraditional mills are non in continuous) anajlaen content gbolyphenols resulting in a
higher intensity dfitteandpungenbtes?

Moreover, it is important to monitor the olive paste heating depending on the transformation
of kinetic energy into thermal, to avoid olive paste degradation. The use of metallic crushers
characterized by a high speed, results in aas@at1d5°C of the olive paste, while by using
low speed stone mille temperature increase is lower45°C)#2427

12.3.3 Malaxation

The last step before the phase separatisraiprocess named malaxation. It consists of a
continuous slow kneading of the freshly crushed olive paste to breawalter @mulsion and
allow the concentration of the microscopic oil droplets into larger ones, to incesdsactiun
yield®*#2#*24n particular, after the malaxation, abou8®¥% of oil droplets in olive paste had a
diameter greater than 30 micréns.
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Malxation is carried out in vat®
with different shape and size
however they are usuall
semicylindrical, with a horizonts
shaft and spiral mixing bladej
realized in stainless st€Elgure
18 13,23,24,29

The olive paste is stirred a
apprOX|mater 280 rpm and the g
container is equipped with a heatirfh ta
jacket where hot water is circulatees
to heat olive pastén recent years,
many efforts were spent to increa
the overall heat transfer coefficie
improving the ratio between the Figure 18. Detail of the malaxation procéss
surface area of the malaxing vat
the volume of the olive pasté&>°A temperature increase is needed to lower the olive paste
viscosiy and enhance the olive oil yield, howmperature also affects tiesultingolive oil
sensory profiltherefore théimetemperature ratio hashe carefully controllét?’ Temperature
lowerthan 36832 °C are recommended to avoid an increase in acidily ease of 3@5°C
temperature, the malaxation time has to be reduced%anii@uteso avoid the development of
sensorial defectHowever, to obtain an increased oil yield, more time is re@uided low
temperature of 25°C allows olive paste to be malaxeebbn80uteswith a concurrent decrease
in polyphenols content abidteperceptiori*#3242

The malaxation step is fundamental especially for olive pastes obtained from crushers becaus
when tradition granite millstones are used for crushing, from one side the low rotation speed
reduces the emulsification of oil with water, from the other the slow movement of olive paste during
the process is equivalent to a partial malaxation. Foatus,reshen the olive paste is obtained
from a tradition mill operating with a pressure system, the malaxation step is usually reduced to 1(
20 minutes with a temperature o3¢ C??

12.3.4 Phase separation

The separation of oil from the other constituents of olive pabteand water liquid phases
can be obtained by using only mechanical métHogsrticular, the extraction processes are
mainly three: pressure, centrifugation and selective filtration (or peréttation).

- Pressure process. It is the oldeshaostwidespreadystemat least in Italyo obtain
virgin olive 0i(VOO); traditional mills have been unchanged domilfennia until the
XX centurywhen theywere upgragtl with the invention of the hydraulic préss
this procesghe olive pastis placed in 28 cm thick layersn oil diaphragms, which
are then placed in moving units with central Stiafhetal tray iplacedafter every-3
4 diaphragms to obtain unifopmessurapplication and a stable logdThen pressure
is applied and the | iquid phase (a mixt
while the residuablid faction stacking afiaphragms is nampdmacé**The liquid
phase is then centrifugated to separate oil from vegetation water, avoiding oxidation
phenomena. @O extracted by pressure is known to be espeaalin polyphenals
it is cheap, simple and it requires a low energy consumption; hibwevar
discontinuous process asuinetimes it is affected digphragms contaminatio

Page |23



- Centrifugationit is a worldwid spread continuous system developed in the 1980s and
based on the difference density characterizing the olive paste constitilieets.
separation is performed through an horizonpdda3s centrifuge, named decanter
where, tdfacilitate the separation, warm water (3¢8€Yeadded to the olive paste
(4060 1/100 kg of olive past&y A rotationalspeed of 6000000 rpmis needed to
separate solid, water anglemlch decanter has a maximum hourly capacity that usually
ranges from 1.5 to 7 tons per hoB#hases decanters are ,fasisy cleaning,
automatizedand continuous, also allowing a high separation cpelkrselythe
energy demand is higher, and titBtian of warm water to olive paste causes a lower
contentof natural antioxidants in the oil and an increase in limee/of vegetable
water.To solve parbf the drawbacks ofhases decanters, in the early 1990s a 2
phase decanter was launched on the m&rketiorks without adding water or only
adding a minimal amount of water in the olive paste has a moisture amount < 50%, to
facilitate separation. Main advantages of-phes® decanters aroaer water and
energy consumption, reduced volume of vegetableandiewer operating costs
moreover they give and olive oil withigher polyphenols contefAt* The only
drawback is represented by the higher moisture percentage in the*bomace.

- Selective filtration or percolation. Tisisnothemethodstill used and is based on
the different surface tensions of the liquid phases in the paste: a stegpiplages! i
into olive paste and it is coated wittthat then drips off, creating a low of'é#/:The
process is repeated many times to recover most of the oil from the paste, however the
extraction yieldeaches usually a maximum of 80%For this reason, this method is
usuallyfollowed by a centrifugation, to extract the residual part of oil contained in the
olive paste32*

Finally, an optional step suggested by IOC after the meparatpresented by filtration,
useful to make the oil clearer excluding all the suspended particles. The same result can be obtair
spontaneously leaving to stand the VOO for a while, preferably in a conical bottdm vessel.

12.4 Bottling and labelling

Olive oil exposition to oxygen, light and heat is the main reasodative degradatioso a
proper bottling is needed and usually an extra virgin olive oil, depending also on its quality, shoul
be consumed within two years. Marketing standards for olive oil are ruled by EU Regulation n°
29/2012of 13 January 201@hich indicate in 5 liters the maximum capacity of a packaging
presented to the final consumer, while, in the case of oils intendeddionmion in restaurants
or collective establishments, the maximum capacity of 5 liters can be éxceeded.

Moreover, a series of information on olive oil labelling are provided; the mamdiatdions,
in clear and indelible lettering, are:

- Sales denominatitimat, depending on the olive oil classification,dsugrior category
olive oil obtained directly from olives and solely by éfecletiealirgaaakve ¢i(b)
oolive oil obtained directly from olives and solely by éémhainigalatieziog(c)ooil
comprising exclusively olive oils that have undergone refining and oils oldtéoned directly
olive oil composed of refined olive oils aingin olive oils  (oitlcpmpdsing exclusively
oils obtained by treating the product obtained after the extraction of olive oil and oils ol
from oliviesr 0oil comprising exclusively oils obtained by procesaimd) @ls/eltameade
directly from sli@®r olivepomace oil.
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Designations of origifor extra virgin and virgin olive .olt must refer to the
geographical area in which the olive oil was obtained, which is usually also the area ir
which the oil was @acted from the olives; if not, the information regarding the
harvesting place should be stated on the packaging. Depending on the case, the
information regarding the designation of origamall only consist of:

(a) aeference to the Member StatehtoWnion or to third country, as appropriate

the case ofolive oil originating from one Member State or third country

( b) t he biemddfiolveadilsiobEuropean Udionorigin a r ef er enc e
oblend of olive oils not of EWfpjmeaarign or a ref erence to or
oblend of olive oils of European Union origin and not of EuropearoUnionaorigme f e r
origin within the Union and outside the Unimnthe case of blend of olive oils
originating from mre than one Member State or third country

(c) the indication ( extra) virgin olive oil obtair
concerned) from olives harvested in (the Union or the name of the Member State o
Cc 0 n ¢ éntha eask )adbves harvested in a Member State or third country other than
that in which the mill where the oil was extracted from the olives is.situated

Net amount: not exceeding the volume of 5 liters when directly sold to the final
consumer.

Storage auditions:0Store in a dry place, protected from light arid.heat sources

In addition to mandatory indications, some optional information can be added:

ofirst cold pregsinga | lordywi@ eéxtra virgin or virgin olive oils obtained at a
temperature below 27 °C from a first mechanical pressing of the olive paste by a
traditional extraction system using hydraulic presses

ocold extraciatiowed onljor extra virgin or virgin olive oils obtained at a temperature
below 27 °C by percolatior centrifugation of the olive paste

Indication of acidity or maximum acidity that, if present, must be accompanied by an
indication, in lettering of the same size and in the same visual field, of the peroxide
value, the wax content and the ultravaisbrption

13 Olive oil classification

The virgin olive oil is protected and normed by a comprehensive and detailed regulation
including laws and standards from three organiZdtions

EU, whose Regulation is effective for the EU member states, which are the most
important olive oil producers in the wlorl

IOC, which is the only international organizatiedicated specifically to olives and
olive oils

FAO/OMS that, in agreement with all the member states, protheeSodex
Alimentariusa set of guidelines regarding all foods and, within them,lolive oi

In the past, regulations produced from the three organization not always agreed; however, fron
2003, an adequate harmonization between them has beern¥&ached.

Current definitions, in accordance with the last EU Regulationsup&gulation (EU)
2013/1308 of 17 Dmember 2013 arRegulatioEU) 2019/1604 of 2% ptember 2018are the
following?®%
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- Virgin Olive Oils Theyare 0oils obtained from the fruit of the olive tree solely by
mechanical or other phyaimeans under conditions that do not lead to alterations in the
oil, which have not undergone any treatment other than washing, decantation,
centrifugation or filtration, to the exclusion of oils obtained using solvents or using
adjuvants having a cherhimabiochemical action, or byasterification process and any
mixture with oils of otherkindsd Vi rgin olive oils are the

a)Extra Virgin Olive Qiltt is ovirgin olive oil having a maximum free acidity in terms

of oleicacid, of 0.8 g per 100 g, the other characteristics of which comply with those
laid down by the Commission in accordance with Article 75(2) for this éategory
b) Virgin Olive Qilltis 0 wgin olive oil having a maximum free acidity in terms of oleic
acid, of 2 g per 100 g, the other characteristics of which comply with those laid down
by the Commission in accordance with Article 75(2) for this category;
c) Lampante Olive Oil: "Lampante olive oil means virgin olive oil having a free acidity
in terms ofoleic acid, of more than 2 g per 100 g, and/or the other characteristics of
which comply with those laid down by the Commission in accordance with Article 75(2)
for this category.

- Refinedlive Oil.lt is anoolive oil obtained by refining virgiive oil, having a free acidity
content, expressed as oleic acid, of not more than 0.3 g per 100 g, and the other
characteristics of which comply with those laid down by the Commission in accordance
with Article 75(2) for this categary

- Olive Oild Compaed of Refined Olive Oils and Virgin Olive .Oils| dlive oilobtained
by blending refined olive oil and virgin olive oil other than lampante olive oil, having a free
acidity content, expressed as oleic acid, of not more than 1 g per 100 g, aed the oth
characteristics of which comply with those laid down by the Commission in accordance
with Article 75(2) for this categary.

- Crude OlivePomace Qil | dil obtaimed &rom olive pomace by treatment with solvents
or by physical means or oil correspagtlh lampante olive oil, except for certain specified
characteristics, excluding oil obtained by meanssierdication and mixtures with other
types of oils, and the other characteristics of which comply with those laid down by the
Commission in acogdance with Article 75(2) for thaategoryEN L 347/820 Official
Journal of the European Union 20.12.8013

- Rdined OlivePomace OQillt is 0oil obtained by refining crude olp@mace oil, having
free acidity content, expressed as oleic acid,rabrnethan 0.3 g per 100 g, and the other
characteristics of which comply with those laid down by the Commission in accordance
with Article 75(2) for this categary

- Olive-Pomace OQillt is 0oil obtained by blending refined olpemace oil and virgin adiv
oil other than lampante olive oil, having a free acidity content, expressed as oleic acid, o
not more than 1 g per 100 g, and the other characteristics of which comply with those laid
down by the Commission in accordance with Article 75(2) for thergditl 20.12.2013
Official Journal of the European Union L 347821

In addition to acidity, indicating thercentage of free fatty acids deesl@om triglyceride
enzymatic hydrolysi®ther analytical parameters are used to evaluate olive oilagdality
authenticity:

- Peroxide value: it is expresseaciive Q milliequivalents per oil kg and it is index of the
oil oxidation, reporting a bad storage
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- Kazand K respectively the UV absorbance at 232 nm and at 2hdbK: they
indicate the peence of conjugated diene and triene because of refining or oxidation

processes
- Fatty acid ethyl esters: a high concentration depefeisnentative processes caused by
bad storage or harvesting after olivesd

- A series of parameters indicating a contamination with se€d4:6il{EU limit: 0.05%),
C18:3 (EU limit: 0.9%), C20:0 (EU limit: 0.6%), C20:1 (EU limit: 0.4%), C2Rmit{EU
0.2%), C24:0 (EU limit 0.2%).

Table 1.Ireportslimit values of these parameters for each class previously defined.

Table 11 Limit values of the analytical parameters used to evaluate the &il quality

Acidity Peroxide value K232 K270 I K Fatty acid ethyl
(mEq O2/Kg) esters (mg/kg)

Extra virgin olive oil O 0. ¢ O 20.0 O 2. O 0. O oO. O 35
Virgin olive oil O 2.1 O 20.0 O 2. O 0. O oO. /
Lampante olive oil >2.0 / / / / /
Refined olive oil O 0. : 05.0 / O 1. O 0. /
Olive oil composed of O 1.¢ O 15. 0 / O 1. O o. /
refined olive oil and
virgin olive olil
Crude olivepomace oil / / / / / /
Refined olivepomace oil O 0. : O 5.0 / O 2. O 0. /
Olive-pomace oil O 1.¢C O 15. ¢ / O 1. 00.18 /

Finally, depending on the different qualigguRation(EU) 2019/1604 of 2Beptember 2019
establishes the following priceds WHNeéetenehnoe
extra virgin olive oil; (b) 1740/ t o rxtrafvigyin oliee oil and (c) 1 524 tfar lampante olive

oil with two degrees of free acidity, this ambeaimg reduced by 36.00 t far rach additional

degree of acidity.

13.1Sensoy analysis

The classification of virgin olive oil has a peculiar and unique characteristic: in addition to
analyticgbarameterst, is mandatory to collect information frarsensory evaluation, introduced
by Regulation (ECC) 2586/1991.

The last update of the method for the organoleptic assessment of virginislptdldhed
in 2018 by I0€ and he metlad consists in the determination, by a group of trained tasters named
panelbof the intensity of thieuitinesand of the defects perceived in the virgin oliv&oil.

A panel is group of8-12expert tastersoordinated by a panel leader and test conditions are
strictly normed’=®

- The oil samples shall be presented in standardized tasting glass, which aveidaak to
influence of the color on the final evaluation. Theegagsnarked with a random code
of digits and letters, and shall contaih@.él of oil or 12-84.6 g if weighted.

- The oil samples must be kept in the glasses at 28°C + 2°C anddoentestst bat a
temperature between°20and 28C.

- Itisrecommended to hold the tasting sessions betweea.b®&@ 12.00 noon.

Page |27



Tasters shall not smoke or drink coffee at least 30 minutes before the time set for the test
and they must not have dseny fragrance, cosmetic or perfumed soap 1 hour before the
tasting

It is recommended the evaluation of four samples at the most in each session, with a
maximum of three sessions per day.

The tasting technique consists in different phases. Tastersaeale glass and warm

up it with handsThen they smell the sample, taking slow deep breaths, for a maximum of
30 s; if necessary, after a short rest, the operation is tried again. At this point tasters sha
evaluate the buccal sensatrietr¢nasablfactory, gustatory and tactile sensations) with
small sip of approximately 3 ml of oil: it is important to distribute tieooiyhout the

whole of the mouth cavignd to take short and successive breaths that, drawing in air
through the mouth, enabl¢he taster both to spread the sample over the whole of the
mouth and to perceive the volatile aromatic compounds via the back of the nose by forcing
the use of this channel.

After the tasting, each taster of the panel shall enter the intensity ofcachdpeegative
and positive attributes on a scale in the profile sheet provided.

At this point, the coordinator catches all the evaluations and calculates the median of eacl
attribute and, as result of the Panel Test, virgin olive oil can be ciagssigedf the following
classes:

Extra virgin olive oil: the median of the defects is 0.0 and the mediainuityttigibute

is above 0.0

Virgin olive oil: the median of the defects is above 0.0 but not more than 3.5 and the median
of thefruityattribute is above Q.0

Ordinary virgin olive oil: the median of the defects is above 3.5 but not more than 6.0, or
the median of the defects is not more than 3.5 and the mediafiofytibute is 0.0
Lampante virgin olive oil: the median of theattefe above 6.0.

14 Olive oil composition

The olive oil compositionugeltknown,andcompounds can be classified in two main groups:
saponifiable and unsaponifiable fraction

- The saponifiable fraction is the main one9@88) and itmainlyconsists oésters of
glycerol with fatty aciddey are mostly triacylglycerols or triglycerid€8%8y, but
small amounts odliacylglycerolsr diglyceride$1-3%) and monacyglycerolsor
monoglyceridg®.30.2%)are also presett

- The unsaponifiable fractiofd-2%), includinga series of minor compounds as
hydrocarbons, aliphatend aromaticalcohols, fasoluble vitamins, polyphenols
pigmen; phytssterolsand volatile compaowls. This fraction, although minor in terms

of abundance, strongly affects both organoleptic and nutritive characteristic of an olive
Oi|.6'19'20'39
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1.4.1 Triacylglycerol®r triglycerides

Triacylglycerols (TAG) are esters derived from glycerol and three fatfjAdgidan be
simple (55%) if all the alcoholic functions of the glycerettmdfied by the same fatty acid, or
mixed (45%) if fatty acids are diffefertie most prevalentiacylglycerol in olive oil is the oleic
oleicoleicd OO0 (4059%)followed, in order of incidence, by palrttacoleicdo POO (12
20%) oleicoleiclinoleicd OOL (12.520%) palmitieoleiclinoleicd POL (5.57%) andstearie
oleicoleicd SOO(3-7%).5*°

Therefore, keic acid is the most plentiful fatty acid in olivieltolwed by palmitic and linoleic
acids®*and fitty acid compositional limits adopted in the most recemgditiloe International
Olive Council argiven inTable 1.2.2

Table 1.2 Fatty acids composition as determined by Gas Chromatography (#ethyl esters): average vafu&imit raised
to <0.3 for olivepomace oils.

Fatty acid IOC
Myristic C14:0 <0.05
Palmitic C16:0 7.520.0

Palmitoleic C16:1 0.33.5
Heptadecanoic C17:0 O Q.
Heptadecenoic C17:1 O &.

Stearic C18:0 0.55.0

Oleic C18:1 55.083.0
Linoleic C18:2 2521.0
Linolenic C18:3 O 1.0

Arachidic C20:0 O 0.

Eicosenoic C20:1 O 2.

Behenic C22:0 O 0.2+
Lignoceric C24:0 O 0.2

Fatty acid composition is influenced by cultivar, climate, ripening sty ietparticular,
a prolonged stay of the olive on its tree causes a progressive decrease of the palmitic acid and 1
oleic acid with a contemporary increase of the linoleft® Acigood quality olive oil usually
contains less than 73% of oleic acid, while the percentage of linoleic acid is usually lower than 10¢
witharatio | ei ¢/ | iTmea@buedance ofbleit acid is the reason hfgher stability and
resistance to oxidation of the olive oil, if compared to other vegetable oils, usually richer in linoleic
and linolenic acids, which are polyunsatutated.

1.4.2Partial glycerides

The presence of partial glycerides in olive oil is due either to incomplete triacylglycerol
biosynthesis or hydrolytic reacti#i3iacylglycerols concentration range from 1 to 3% and their
composition givesnformation about age of the oil and storage conditions bet@ise
diacylglycerols present in fresh oil tend to isomerize to the more si@ibleylyyceral$or this
reason the ratio [3AG/1,2-DAG is usually considered a quality control criteffon.
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Monoacylglycerolare present in smaller amounts, usually less than 0.25%spaods] are
significantly higher tharspecie®

1.4.3 Hydrocarbons

Hydrocarbons constitute the-30% of the unsaponifialflaction and the two hydrocarbons
most abundant are squalene/ndrotené>The latter is discussed in the pigment section, while
squalene, the last metatiegbreceding sterol ring formation, represent itself more than 90% of the
hydrocarbon fraction. In addition to them, diterpendrdaapenenydro@rbons, polyolefins and
paraffins have been individuated.

1.4.4 Aliphaticalcohols,aromatic alcohols,and waxes

Aliphatic and aromatic alcohols present in olive oil are found in fregtexifaed form and,
when constituted of less than twelve carbon atsmpart of the volatile fractitiin the liquid
phase, the most important are fatty alcohols and diterpene alcohols.

The main fatty alcohols are docosanol, tetracosanol,daex@@nd octacosanol, whaltkyf
alcohols with odd carb@tomsmay bepresehin trace amounf$

In the group of diterpene alcohols, phytol and geranylgeraniol are the main coRipgohds.
probably originating from chlorophyll, is present in monovarietal virgin oliveegéésatinging
from 25 to 595 mg/kg, weiberanylgeranibhs been founid virgin olive oil at levels lower than
50 mg/kg*®

Waxes, which aresters of fatty alcohols with fatty acie important mirroolive oll
constituentsand their content is officially uggdthe 10Cfor the distinction between extra virgin
olive oil (waxes content < 150 mg/kg), virgin olive oil (waxes congfitreg/kg), lampante
olive oil (waxes content3€0 mg/kg) andefinedolive oil (waxes content380 mg/kg)**

1.4.5 Fatsoluble vitamins

Tocopherol, ovitamin E, is the maifat-soluble vitamin found in virgin olive oil, although
cultivar, ripening step and technological process strongly impacts on its level, and it is importan
for its in vivo antioxidant propertiestocopherolis the mainhomologuewith an average
concentationsignificantlyhigher than 100 mg/kgvhile amounts o%ktocopheral /Aocopherol
and&tocopherohre usually lower than-20mg/kg.6*°

1.4.6 Blyphenols

Polyphenolsconstitute tB 23% of the unsaponifiable fractiand are specializeglant
metabolites chemically characterized by the presence of one or more aromatic rings with one ¢
more hydroxyl substitueit*

Polyphenolscludes over 80@@mpoundsandin olive oil it is mainly composedghenolic
acids, phenolic alcohols, secoiridoids and flavéitityslroxytyrosofHT) is the most abundant
phenolic compounih olive oil and it is enclosed in complex strugtnaened secoiridoids, as the
oleuropeinOleuropeindue to the action of hydrolytic enzyme during the mechanical processing
of theolives, is hydrolyzed inieee HT andaglycon structures, which BIfe precursors. During
humaningestionthe precursors are themselves hydrolyzed leading to an increaddTiri* free
Polyphenols are known for their remarkable antioxidant podestrongly contributes toe
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stability of olive oil; however, HT is the amie backed by a European Food Safety Authority
(EFSA) health claim, which focuses on the protection provided by HT and its derigatives,
oleuropein and tyrosol, t®L -C particles against oxidative danidgé?

Moreover, as previously mentione@hapter 1.2the technological process strongly impacts
on polyphenols content, and their abundance is directly correlated with the intensity of bitter and
pungent notes.

1.4.7 Pigmerg

Pigments responsible of green and yellow shades of virgin olive oil belongs to two groups of
fat-soluble pigments: chlorophylls and carotefioidilorophylls in olive oil are principally
pheophytind andchlorophyllsa, more abundant in fresh oils, wiiferms are present in minor
amounts; chlorophylls have prooxidant activity in the presence of light and antioxidant activity in
the dark**The most important carotenoids, instead, are lutekardtené®

1.4.8Phytogerols

Phytoserols are important constituents related to the quality of the odeahfibr checking
its genuineness: total sterol conexpressed in mg/kg, is normed by 10C legislation, with refined
olive oils usually containing lower levess¢s of phytostdsoduring the refining proves may be
as high a&5/30%)**“*The main component fssitosteral which constitutes between 75% and
90% of thetotal sterol fractignother important phytosterol azampesterol and stigmasterol
constituting about% and 2%respectivelyf the total faction®

15 Volatile compounds

Volatile compounds are lamolecular weight (< 300 Da) non polar compounds released from
the olive oil at room temperatété subgroup of themafterreaclingthe olfactory epithelium of
both orthonasal and retronasal olfagtidissolve into the mucus and borsdwith olfactory
receptors to give an odor sensation.

1.5.10rigin and composition of the volatile fraction

Volatiles organic compounds (VOCs) characterizid@ mainly originate fromthree
pathways: the lipoxygenase (LOX) pathway, the autooxidation and photooxidation of fatty acids
and the microbiological actiVity?

1.5.1.1 Lipoxygenase pathway

The LOX pathway involves several enzymegatilicesC5 and C6 volatile aldehydes,
alcoholsandesterswhich are the mostportantfraction of volatile compounds of high quality
virgin olive oilstheyareresponsible for thgreeandfruitynotes perceptiotf*®

The pathway starts with the production-adrd 13nhydroperoxidesf linoleic and linolenic
acids, which are subsequently cleaved by hydroperoxide lyases leading eS§aldekagnal,
(Z2)y3-hexenal anfE)-2-hexenal, with thensaturated onéisat carisomerize from ci8 to trans
2 form, more stabléAt this point, through the mediation of alcohol dehydrogenase, C6 aldehydes
are reduakto the corresponding alaws(i.e, 1-hexanol(Z)-3-hexenrl-ol and(E)-2-hexenl-ol),
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which are themselves substrate for the production of(esthexyl acetatéZ)3-hexenyl acetate,
(E)}-2-hexenyl acetgtbecause of the catalytic activity of alcohol acetyl transfeéfases.

When the substrate is linolenic acid, an addition branch of the LOX pathway is active:
hydroperoxides are cleaved through alkoxy Iradichucing stabilized ip&ntene radicals that
can dimerize to C10 hydrocarbons or couple with a hydroxy radical producing C5 alcohols, whict
can be enzymatically oxidated to the corresponding C5 carbonyl corfgpgdsmsnten3-ol, 1-
pentenr3- oneetc.). >

1.5.12 Fatty acids oxidation

Although VOO is one of the edible oil most resistant teaidation and photoxidation
process, thanks to the abundance of antioxidants and the prevalemcaat pieoxidation is
poorly preventedt can cause the development of compounds responsible -favarfs
perceptiorf?#

The autoxidation process is a radi@hlced chain reaction, involving unsaturated fatty acids,
that triggers the formation of free radicals and hydroperoxides; these latter deconpusayn sec
products among which there are aroma active compounds responsibfefarsfin particular
rancidity Autoxidation starts with the formation of adlipikyl radical thumh theremoval of a
hydrogen atom from the fatty acid chain and the subsequent quick readdiogle#in to form
a lipid peroxyl radicdlhe initiation step is favored by heat, metal catalysts, avid lyht in
particular,he effect ofight in the presence of sensitizers such as chlorophylls is particularly strong
and is known as the phataidation

VOCs usually associated with oxidation process and rancid perception are mainly aldehyde
(i.e.,pentanal(E)-2-heptenal(E,E)2,4heptalienal, nonanalZ)2-nonenal(E,Z)2,4decadienal
and (E,E)2,4 decadiengl but alscshort chain fatty acide.§.acetic, propanoic and butanoic
acids) octane, lactones, and furans e associated with oxidatiomhe role of hexanal is
instead ambiguous, being it produseith linoleic acid oxidation and the LOX pathwaally
C8 compounds, usually associated with musty perception, are associated -toxiagttooto
process?

1.5.13 Microbiological activity

Another possiblesource of VOC responsible for -fifvors is represented by enzymatic
activities of mold, yeasts and other microorgarifsmhsnay depend on both improper and
prolonged olive storage, and prolonged storage of unfiltered"¥®0s.

Compounds responsible for fastglefectderives from the conversion of some amino acids:
2-methylbutanal, Znethyil-butanol, 2methy} butanoic acid from isoleucinend 3-methyi
butanal, 3nethyil- butanol, 3methyibutanoic acid from leucin®lolds belonging to the
PenicilliuandAspergillspeciesead to an increase of C8 compourdglfocten3-ol, l-octen
3- one and methyl ketonesq. 2-heptanong2-octanme and 2nonanong whileacetobactmes
responsible for the oxidation of ethanol (produced by yeast through the fermentation of sugars) ir
acetic acitf

Other VOCs usually associbteth the presence of molds, yeasts arzHoteriaarebenzyl
alcohol, phenylethyl alcohol,g&d 3methyil-butanol, Ipentanol, Zeptanolbutanoneand
methyibutyl acetatdloreover, the presence of microorganisms is often associatedovéhdan
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decrease of the VO®eslonging to the LOX pathwagyrobablyinhibited because of acrease
of acidity and the competition among enzymes of these species and the LOX°pathway

15.2 Minor components of thevolatile fraction

In addition to the major chemical classes mentioned alsogat(rated and unsaturated
aldehydes, ketones, esters and alcohols), together with their origin pttémaynor classes
compose the volatile fraction of VOThey include either native compounds or compounds
originated from minor pathways.

Lactones hae been detected in variables amounts depending on cultivar, and their role in
defining the aroma of VOO is still unclear, even if some authors reported them as contributing to
determinefruitynotes™” The mos't common i dentviaflieedbtarceo
caprol aonahagdeédakadtdoalea c tdodecalactod®n d a

Terpenes have been identified in the volatile fraction of VOOs and the composition of this
chemical class is stronigiffuenced byhe cultivar and the pedocliinaconditionsAimonene,
Ao ci men e, -cdpdemefE|Exafatnesend, and3-carene are the most common and
reports as contributing to defigeeeandflorahotes’>*349

Severadaturated and unsaturated hydrocarbons are pheseener they are characterized by
high odor thresholds and their contribution to the overall aroma is poor, although synergistic effects
may affect it2°° However in addition to weknown hydrocarbons derived from endogenous
mechanismge.g.pentene dimers forichén a branch of the LOX pathway), some hydrocarbons
derived from exogenous contaminati@) énvironmental contaminants) have been occasionally
found: acenaphthene, acenaphthylene, anthracene, some benzene derivatives, fluorent
fluoranthenephthalats, and pyrerfé

Finally, some minor classes, as furans, identified at low concentration and probably resulting
from decomposition of hydroperoxides during oil stétaye] volatile phenglas guaiago#
ethylguaiacol-dthylphenol, andvinylphenalcontributing to definistandmustgefects?

1.6 Olive oil consumption: current challenges

In the last 25 yeatbhe EVOO, symbol of the Mediterranean diet, ihaeasedts
worldwide diffusionand consumptiori® The increased number of producer and consumer
countries has stressed the request of a quality and authenticity asahttbé concept of
traceabilithasbecome an issue of great interastefgulators, suppliers, and consumers, in both
traditional and emerging markéts.

Traceability consists of documented proof of the idenaitpiafduct and it has two main
goals: (a) juridical, in case of physical or economical damage to the consumers because
wrongdoing or misleading information; (b) technical, with the identification of the causes of loss or
spoilage, in order to apply gpmpriate correction and individuate the step of the production
where improper handling or fraud took pldée-or this reason,rdceability is based on
documenting material balances through management and discrete batch monitoring, where a bat
is intended as a portion of a given material hadpgcific identity and compositibn.

Howe\er, despite the increased relevance of the traceability concept, first criterion of choice
for most consumers is still price, \iid current market scenario characterized by increasing levels
of competition based on cost reductiocfT hi s strategy depends on
evaluating the quality of olive oils and on a lack in the olive oil twitdihe price war cannot last
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foreverrad it is i mportant to develop persuasi vi
awareness and, consequently, their willingness to pay an higher price to guarantee a proper inco
for high quality producetsin particular, the adoption of health claims is needed, being EVOO
known for its nutraceutical value and a lot of stadrdgm and investigate the beneficial effects,
especially on cardiovascular system, of a regular EVOO consutnesierpositive effects are
mainly driven by phenolic constituents, especjaltpxytyrosol and aleopeinPol yphenol
concentration and composition is not only related to health,dftddtsalso affects the sensory
perception of an EVOO, being directly correlated witbitiegerception that, together withity

and pungenis the main positive attributes consideby panelisté>* However, as reported in

literature,onavegae consumer s stil |l dondt have the abtk
and a low quality olive®ior , even, t hey imsteadbfa highaittemeamdu t r a |
pungerréy

Currently, the emerging need to characterize the EVOOs quality, meant as sensory propertie:
traceability, safety, nitibnal value and biological activéag to the development afivanced
analytical met hodol ogi es applying oomi cs o
fingerprints:®®® In particular, multidimensional analytical (MDA) platforms combining
physicochemical separation technigugxromabgraphy, electromigration, size exclusion, etc.)
with spectroscopic techniqueg(MassYectrometry MS,NucleatMagnetidResonanceNMR,
Infrared- IR, Ultraviolet- UV, etc.) have the potential to discriminate, identify and quantify sample
constitents, providing a solid foundation for generating hypethie®s studies

In the next chapter, principles and evolution of the comprehensidanevisional gas
chromatography (GGSC) are introduced, being this technique, usually coupled to MS, the
technical core of the research activity of this PhD project.
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Chapter?2

Comprehensive twe
dimensional gas chromatography

2.1 Introduction

As anticipated irChapter 1 EVOO6s volatile fraction, ar
fraction, consists of a large numbect@mical classes having a wide molar mass range, variable
polarity, and a broad concentration raeer the years, great efforts have been done to develop
improved analytical methods for foods analysis, and nowadays MDA platform combining
physicochemical separation with spectroscopic techniques are considered the golden standard
discriminate, idefmty and quanti fy foods constituents.
MDA platform used during this PhD project: the separation step isdfteinthe limiting factor
in a complete analysis of complex chemical miktémesintroduction to the history of
multidimensional gas chromatography (MDGC) resulting in the development of comprehensive
two-dimensional gas chromatographyXGC) is here proposed, together with some fundamental
and theoretical aspects

2.1.1 The origin of Chromatography and Gas Chromatography (GC)

The first idea of chromatography was repdiyeBrofessoFriedrich Goppelsrodeturing
the Congress@f Nat ur f or schenden Grl3@&llahdshe buackssive paper | d
"Note sur une méthode nouvelle propre a déterminer la nature d'un mélange de principes colorants
(Note on a new method for determining the nature of a mixture opdydished in 1862.The
paper reported thatA strip of filter paper (is dipped) several millimetres into an aqueous solution of
The solution is seen to rise quickly above the level of the liquid by aapillarNaspiratienp ar a t
solvent and dissolved substance is observed. A different situation arises when the experiment is
coloured with sulphuric acid. In this case, three zones are formed on the paper ieddghe the liquid
highest) contains only water, the second is due to dilute sulphuric acid, and the third contains w
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Clearly, a partial separation of the three components in the mixture has occurred and is due to the
to risavithin the pores of the" gapppelsroderat the end of the paperided the following
consideratiar’'l saw in these observations the key to a new ahalytical method

Goppelsrodédr s o bservations wer e, around 40 vye,;
Semenovich Tswetthich is usually considered the invasftanromatographyTswett described
the method in 1901 during the XI Congress of Naturalists and Physicians in St. Petersburg. Ther
in 1906, published a paper presenting a separation of herbal pigments in colored bands by usir
calciumcarbonate as a solid absorber and petroleum ether with a small amount of alcohol as the
mobile phasehrough the instrumentation showrrigure 2.1°

| | xanthophl
- chioropiyin |

chiorophyin

xantophyll o + o'

xanhophyll o

Figure 2.1 The first chromatographic instrumentation, presented by Twsett in 1901.

In this paper he termed for the first time this techniqoehasmatograptigrived from the
Gr ee k wo rnekaningcgldp@ad nG@Evaite?s

Tswet t 0was thestagira painhfor a century, tie @6minated by a growing interest
on the exploration afa t u comgdes mixtureésEach decade brought new innovations in the
chromatography aread, at the end of the"™26entury, chromatography has become the most
widely used separation technique in chemistry and biochemistry.

In the 1930s chromatographic separation by continuous adsorption/desorptipano
columns was applied on various plant exrdotd941Martin and Synge replaced countercurrent
liquidtliquid extraction by partition chromatography for the analysis of amino acids contained in
wool!®Martin again, together with James, developed gas chromatography (GC) in 1951 by using
gas, rather than a liquid, as mobile ph&geturning point is represented by the work of Marcel
Golay, in 1958, which showeow a tortuous path along a packed bed could be replaced by a
straighter path through a narrow open tiietal and glass capillaries were soon faokica
however applications on capillary columns were minor, until the revolutionary introduction of silica
column in 1979 and the successive development of a variety of stationdry phases.

Since its introduction in 1951, GC demonstrated to be suitable for food analysis and it has bee
successfully adopted for different applications: flavor and aroma characterization; investigation o
volatile organic compounds (VOCs) mixtures from vegetabiees, essential oils and extracts;
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fat analysis and characterization; residues and contaminants determination, food packagin
migration products; food origin authenticatiof’etc.

2.1.2 From GC tMultiDimensional Gas Chromatography MDGC)

Over time, however, the complexity of the applications increased, with a growing interest for
the determination of netiargeted compounds, and this process reachediia #pelate 1990s,
with the -dmwad o PTheimmct éf these increasyregiphisticated applications
opens to the challenge to improve the peak capacity and the resolution power of GC.

Peak capacity, introduced by Giddings in ®@6defined as the maximum number of peaks
that can be separated on a given column with a defined resolution in a defined retention time
window, e.g.starting from the first peak (hal@ time) up to the last peak (retention tone
retention factor of the last pe&K)lt can be described as the number of shayicomponents
that can be placed, side by side, as single entities, within the separ&tideadpeapacitynd,
calculated as indicatedEimuation 2.1, is correlated with peak width and it is a metriafoatis
about column efficienéy.

. el 04e

Equation 2.1 ! qz ] -47*)

whereN is the plate numbeRs peaks resolutioty hold-up time trmagthe retention time of
the last peak.

However, peak capacity is a theoretical value assuming that the peaks are evenly distribute
across the chromatograms, but unfortunately it seldom happens in real separations. Indeed, Davi
and Giddings demonstratéat peak resolutiond.the degree of separation foraajacent peak
paif is affected if the number of solutes exceeds 37% of the peak capacity aratdbatoi
resolve 98% of the components, the peak capacity must exceed the number of cdap@onents
factor of 100%*°The most common approach to improve peak capacity matching for the analysis
of very complex mixtures is to use a longer column; éQveemnore effective way to enhance
separation power is to work on technology implementation.

Matchingfor newchallenging applications, during decades, two different path of technology
implementation were engag€xh one side the improvement of the resolution power of
chromatograph columrs, as done with the invention of the capillary columns by Golay. On the
other side, the route of the multidimensional chromatography (MDC) and the multidimensional
gas chromatogray (MDGC) was explored, withany significant developments in ltst60
years®

2.2 MDGC and the development of comprehensive

two-dimensional gas chromatography (GCxGC)

2.2.1 Concept of multidimensionality and multidimensional gas
chromatography (MDGC)

Multidimensional separationave the advantageguadviding a greatly increased pealacity
due to the combination of multiple separation steps, or dimensions, within a singfe”analysis
Moreover, MDC and MDG@dd further advantages related to the possibility of exglamipde
chemicaldimensionality, a parameter that strongly influences componeritoresSample
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di mensional ity ( s)theinamber effindependent bayiabl€ithatdnust e spea
identify the components of the sample. It is assumed (as part of this definition) that the properties
including amatographic retention parameters, vary in some systematic waywith the s variables.

The example iRigure 2.2A can be helpful to understand this conddp.components of a
sample are distributed in a 3D space defined, on the three axes, by volatility, polarity, and molecul
weight. Different volatility of the componentacfample is the main separation mechanisms in
GC, and it is captured by different parameters as boiling point or Kovats/Van den Dool retention
indexz*#Polarity is the second most exploited separagchanisms as it results from several
interactions mechanisms, includiggrogen bondingjipoledipole forcesanddipoleinduced
dipole force&:*’Finally molecular weight, defining the range of molecules composing th& sample.
In a simple mixture consisting of 60 analytes (from one to three order of magnitude lower than the
components of a natural mixture) a mdmeensional separati¢e.g.monodimensional gas
chromatographylD-GC) corresponds to a linear prabigre 2.2B exploring only of the three
dimensions previously defined. A multidimensional separation, instead, allows the exploration o
the sample dimensionality by usimdanar probd-jgure 2.2C).*°
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Figure 2.2B A sample described by thdgmensions2.2A) and explored by a medonensional separative technique
(2.2B) or a twedimensionadeparative technique2Q

MDC has therefore emerdeak a probe able to better investigate sample composition and to
obtain higher and further levelsidbrmation. More recently a general definition of MDC was
p r o p o snalichensiamal analysis that gedienatesianal displacement indotAatianay of
combinations of different separation mechanisms can be used to create multidimensiona
separation as long as, as discussed by Giddings#tvi@@onditions are verifiédhe first one
is that the two (or more) separations steps should be governed by orthogonaktiscrimin
principles; the second is that the separation produced during the first separation step should be ke

in the following step, so that the resolving power of the composite separation exceeds that of eac
individual stagé?**

Whengasphase separations are considey, MDGC has been thkeerbocess e d
of selecting a (limited) region or zone of eluted compounds issuing from the end of one GC colun
subjecting the zone to a further GC disflacement

The large majority of the MDGC separations use two columns, therefore they are classified a
two-dimensional gas chromatography-@&T)# Figure 2.3shows the schematic diagram of a
2D-GC system, which can be classifie@mltwo main categories: heart (H/C or H/C MDGC
or GGGC) and comprehensive tgimensional gas chromatography (GCx@&t)22°
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Figure 2.3.Scheme of a 2iG.C. Differences between H{Gr GGGC)and GCxGC depends on thperative principles
and dynamiosf theinterfaces

GC-GC or heartcut, where a single fraction (or a few specifiomagof the primary column
eluate is transferred to the secondary column for further sepavificthe aim to improve
separation by combining different discrimination prinéipldhe theoretical peak capacity of
such a system is the sum of peak capacities of the first and second dimension, the latter multiplie
by the number of heattits performedHigure 2.4A.2° This methodoroved to be effective in
target analysis, where the focus is on individual fraction(s) and not on the entft& Kahwle.
interest is extended to the whole sample components, multiple analytical runs are required to enak
multipe yet comprehensive cuts over the entire volatility/polarity range.

The solution for those interested in separating the entire sample in two dimensions is to extenc
comprehensively the heaut over the entire analytical run as it is done by GEXB@. first
separation through a GCxGC platform was documented by Liu and Phillips 30 years ago, in 1991:
it was characterized by a fast and continuouschétarty, named modulatiéit’ The interface
bet ween the two columns in GCiGC is the oOom
GCxGC system. The modulator works as an-eadeimn injector that serially traps fractions
eluing from the primary column before theimjection/introduction into the secondary column.
These operations occur at a fixed time intervals called modulationFpg¢tida theory, by
GCxGC, the system peak capacity is approximately the product of the peak capacities of the tw
separation dimensiortisdure 2.48).2° However, Blumberg et at°proved that it approaches the
theoretical one just when optimal chromatograpbinditions are applied to both analytical
dimensions and modulation efficiency does not produce excessiwebdeding in spate.
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Figure 2.4 Schematic visualization of multidimensional GC instrumental configurations and their actual peakAapacity:
showsH/C MDGC system, whil2.2B shows aCxGC systemHere the list of abbreviation uskl:- injector; aux EPE
auxiliary gas electrorepsure controller; Det primary detector; Det-Zecondargetector; \* switching interface; M
modulatoriD - first dimension colum@D - second dimension columm 1D peak capacity - 2D peak capacibpdapted
fromi4

2.2.2 Heartcut

H/C MDGC is based on a heaxtting process, which allows the transfer of one or more
selected portions of the primary column eluate into the secondary column for additional
separatioff. The interface of a H/C MDGC system (lefterin Figure 2.4Aallows efficient
transfer of fractions from the primary coluf) {nto the secondary colunt®). The samie is
initially injected into th# then, before the elution of the fraction of interest, the intdsface
switched in théransfgrosition for a fixed tim&®nce thefraction is completelpaded onto the
’D, the interface is switched back to its arigiridlestate completing the heacutting process.

An impotant milestone for the development of an efficient H/C procedure was the invention
of a switching device named Deans Switch (from the name of the author, David Deans) in 1968
that solved some issues related to the functioning of mechanical valvesedtalaopi
system&:*? The first H/C system was developed byoB8djurg in the 1980s and the first
applications were presented for petroledfics.

H/C was appreciated for thecneased peak capacity and the possibility to resolve challenging
separations; however, it has an important limitation, represented by the increased total runtim
when the sequential separation has to be applied to multiple cuts. Indeed, havingdostiand se
column similar dimensions, even if different stationary phases, the time scale of the secondar
separations is approximately equal to that of the primary. It means that eaalinsecsiot
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analysis will easily add&@minutes to the total runtiaen d , i f more than on
necessary the total runtime will be drastically inct&ased.

2.2.3 G&GC

Comprehensivawo-dimensionalgas chromatography, namely x&C, is the natural
progression of the H/C MDGC. H/C MDGC is developed through a dedicated time
programmable interface that, automatically and online, transfers selected eluting fractions from th
D to the®D; conversely, iGCxGC, each fraction eluting from th2 is trapped, focused and
released inttD for further separation. THell/completetransfer of théD columneffluent into
the Dis the reason for the introduction of
techniqué**3The principle is to subject small chromatography bands, potemigiging co
eluted and noresolved compounds, to an additional separation in a continuous and sequential
mannefr?

The operation of trapping, focusing anmhjecting in the second separative dimension is done
by a modulator within a fixed time (usuaBys?, which is ideally also the time allowed for the
analysis irhe?D.***°It means thabCx GC, thanks to the fast separation in the second dimension,
allows to perform a comprehensive multidimensional separation within the time-@Ca 1D
separatioff.*

In addition to thepossibility of keeping reasonable analysis times by combirsegadnaiion
dimensionsGCxGC offers a series afdditionaladvantages, if compared to-GO: (a) the
effective irspace bantbcusing (especially in case of thermal modulation) tow&bdréselting
in an increased overall peak capacity; (b) ateigoéde ratio (S/N) increase, resulting in a
sensitivity gain of one order of magnitude (edlyem case of thermal modulation); and (c)
formation and identification of gretype patterns based on homologous series of compounds
that have a retention logic over the 2D separation®sfface.

The augmented informative potential ofGxGC analysis, in addition to its effective total
analysis time if compared to the H/C MDGC, brought to a remarkable increase of applications and
publishedresearch based on this technique over the fguse 25 shows the number of
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publications per year (years 12®20) recorded on Scopus database using the keywords:
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Figure 25. Number of publicatioper yearrecorded Scopus dat abase with idimensidb@dy wor ds
gas chromatog®2@@hyo6, years 1991

During the 1990sapplications were mainly focusad petroleomicdlame lonization
Detection (FID)as elective detection techn@jun 1999appearedhe first paper reporting the
adoption ofMass Spectrometry (MS) and, sincdithatthe powerfualliance of comprehensive
two-dimensional gas chromatography with mass spectrom@u@(aVS) allowed to address
the needs of many different application &&=8n 2002 the first application in the food area was
by Shellie and Marriott, studying enantiomer separations in a bergamot essential oil. At presen
GCxGC-MSis used in several fields: petrochemicals and fuels; food, flavor and fragrance; forensic
environmental; biological; metabolomics and volatile organic compounds (VOCs}3féfiling.

Method optimization in GXGCis generally adessed to maximize method separation power
and sensitivity. The main parameters that impacts on them involve the modulationestep (
selection of the appropriate modulator Bsjdcolumns configurationd. the choice of suitable
columnsd di mensions and combination of st
programming and detector settifigs.

In the next seains, relevant aspects related to the column selection, the modulation step and
the detectors are further investigated.

2.3 Columns configuration

In GCxGC, the effluent of the first column is focused in narrow fractions at regular and short
time intervals, and then injected into the secondary coffiitherefore, the resulting
chromatogram is composed by two axes corresponding to the retention time of each of the two
columns and, being each peak eluting from the firest@dimmi on oOcut 6 i nto at
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fractions, the separation of the fractions of the second column must be completed within a few
secondskigure 26 shows an example of a second dimension chromatogram resulting from the
cut of a first dimension pemkGCxGC!

Figure 26. Cut of a first dimension peak in six fractions into the second column in a GCxGE& system.

To ensurea fast separation in th®, the column is usually a short segment, while the primary
column is usually a-689 m GC column with conventiomaternal diametgtD) (0.255 0.32 mm

ID).** Moreover, matching for an appropriate orthogonality of the separative process, the two
columns are generally characterized by different stationary phases, that typically consist of a no
pola 'D combined to a migolar/polar in theéD .?° Their operating temperatures, (minimum

and maximum temperatures of usage) often vary from each other as well as the relative retentic
of analytes, therefore iipreferable option to place them in two separate GC(bggmamary

and secondary oven) that enable temperattsetaffong the chromatographic #ith.

2.3.1 Columnsd di mensi on

As anticipated in the introductiéin,and?D columns are characterized by different dimension:
the'D column i s a -hogrpe & ad s WBCIMayithadr2marip add:a film
thickness of 0.88.0um, whilethe?D column is shorter and oftevith anarrowbore, typically
0.91.5 m x 0.80.25 mmD, anda film thickness of ®Q.25 unt3**?The different dimensions
affect thenc of the two columnswith the?D columnthatmay have a modeastdue to its short
lengthand/or very fast elutiorapproximate typical valuesemight be 500 and 20 for the
and?D column, respectivel.

This design is necessary to ensure aay inyphenated technique, thaftheiorks at much
higher speed than tHe, to produce a series of many hundreds of fast anal@s®s @Rring the
period of onéD analysi&.*°The optimum relative speed of the two columns must generate an
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appropriate numbeff secondary chromatograms during the elution of each peak frf@mahe
too slow relativéD separation degrades fie separation, as there are not enough analyzed
samples (at leasdBacross each peak to preserve the resolution obtained; contecsédgt a
relative’D separation results in a low resolution iRk

Consequently, a typical choice in n@@yGC systems is to slow down tiie separation,
with an oven temperature rate in the order45CImin, to prowde'D peaks having a width of
tens of secondi.¢.,3040 s).** It means that, the second column operates very rapidly in
comparison with the first column and in compamnatnthe temperature gradient in the column
oven: the result is that the temperature of the second column increases only of a few tens of .
degree per separation, and tBuseparations are basically isothermal sepafations.

However, the result of the optimization of the relative speed among the two columns is that
each single column works in conditions different from the ogtimdagspecialtiie °D works at
a linear velocity that is far from the idedh @lumn overloadgthat could be an issue. To reduce
this risk many strategies have been tested and ddofit@chader'D peaks helpo produce
smalller fractions of the anagjitethe’D, reducing the chance?®f overbadingOne possibility
to generate broader peaks, in addition to a slow temperature rate, is to increase the film thickne:
in the'D. 1 O mfilm thickness over 0.Z632 mm ID, provide optimal resolution in both
dimensions, but at the expense of a mugjelaanalysis time, whilé Q.nover 0.28.32 mm ID
is inadequate f@dCxGC separations. Intermediate phase ratios values can be considered good
compromise$ Another possibility is to split the effluent in two parallel secondaryuoots
behind the modulation step. It was first described by Seeley, and the dual secondary columr
GCxGC (GCx2GC)was demonstrated to be effective to increase the resolution of -the two
dimensional separatiitdarynuket al instead, studied the influence’theolumnID on peak
width, concluding that narrdyore columns in th#® might not provide as great advantages as is
commonly thougHt.When high chromatographic resolution is desired, a thické filmlumn
coupled to a larger diameteaz.0.18 mm3D column could be a better combination. Similar results
were obtained by Cordegbal testingaseries of OVADV1701 column sets, in which the two
dimensions differ itD and/or film thicknessResults showed thai25 mm homologou®
column combinatignreduced?D column overloading effects due to the incred3enhass
loadability, thus facilitag the analysis of mixtures whose components differ significantly in relative
abundanc®. Conversely, if thgoal is to prioritize the speed of the separation at the cost of
chromatographic resolution, a standard 0.25 mid t@lumn can be coupled to a 0.05 mm ID
D column, as applied Bglahchouet at’ Other expedients to optimize linear velociBxGC
separationare: the reduction of the head pressure that, however, results in a loss of resolution in
the'D column, and the use of long@rcolumn requring an increase in the modulation fide?

2.3.2 Orthogonality and stationary phases

As anticipated in the introduction of tlelsapter the separations performed in the two
dimensions are properly tunadtching for the orthogonality of the system; it means that the
separation mechanisms of the two columnspnogtice a lovdegree of retention correlation in
the two dimensions, to avoid the risk of adimensional separation with peaks distributed alon
the diagonal. In particular, the orthogonality is achieved by varying the retentiéD a$ the
function of the'D separatioft®

Figure 27 showsan example of ideal orthogonal separation where two uncorrelated
mechanismolatility and polarity, are combined. Graphically it is represented by a Cartesian plane
with perpendicular axes corresponding to the two separation prid@phese, this situation is
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not realistic since in any GC separation the relative volatility is driving components
separation/discrimination. Moreover, as discussed by Metr@btstationary phases selectivity

and system orthogonality can be tunegléying with columns dimensions and temperature
programming even by adopting the same stationary phase in both analytical dimensions.

Figure 2.7. Orthogonality o5CxGC because of the application of two different separative prificiples.

Moreover, system orthogonality enables the generation of structured elution patterns as ¢
function of the differential selectivity of the two separation dimensions. When properly combined,
homologous series result distributed over the separation Spacgnvigent logic and gretype
analysis is possittélt can be easily explained by following the visual exankigiia 2.8
inspired to the concept of sample dimensionality introduced by Giddingsid 189®thetical
sample whose components differ in shape, color and size has a dimensionality of three, and the
is no dance of separating all of them using a 1D system. However, if the proper combination of
orthogonal separative principies. §ize and shape in this case) is applied, not only the complete
resolution of all components is achieved by using the totatisepspace, but also components
are ordered on tH® depending on their shapje.
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It implies that, in GCxGC, componsn@lentification is potentially more relial@eégeach
compound described by twoerion times, and the formation of structured patterns in the two
dimension is a further identification sotrce.

In principle, all kinds of stationary phases can be usetDrofreGCxGC system; however,
the most common column set is a -polar/low-polarity column a¥D (e.g.100% dimethyl
polysiloxane, or 5% diphenyl/95% dimethyl polysiloxane) combined with a-padityn or
polar column & (e.gpolyethylene glycol, or 50% pyigs0% methyl polysiloxan@f’***This
configuration provides separation of the analytes in‘thbased on their vapor pressures; while
the relative retention in tFe is mostly related to the presence of polar functitis.

However, in several applications, the polar x apolar combination is particularly effective.
Flavours and fragrances, with a predominance of polar analytes, as well as some petroleum ct
take benefits from a ore#®%rsedd stationary

Figure 29 summarizes the most usadumn combinationfor GCxGC as it results from
published papersuntil2018 as ant i ci pated, the oapmbndr T p
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Figure 29. Relative proportions of column combinations used in GCxGC published papers util 2018.

2.4 Modulation and modulators
2.4.1 Modulation process and visualization

The modulation is the kagpect ofGCxGC proces$?® The term modulation was adapted
from the telecommunicationindust, wher e audi o and video sig
to facilitate their transmission over long distances to the signal receiver. In chromatography, as i
telecommunication industry, the modulation of the signal does not carry new or extt@mforma
however it led to the possibility of a different elaboration of the rawsggmal2.10shows how
the mono dimensionahemical signal, when combined to the injection frequency corresponding
to the Py, produces in th#) a composite chemical saigmwith the form of the modulatidie.,

composed by a series of 0 pul s éu éontginma thes o]
information of the analytical sighiat.
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Figure 2.10 Transformation of the momimensionathemical signal in a modulated signal. Adaptetb from

Themodulated chromatogram is so divided into sequential modulation events, each of a giver
Pu.** The appropriate resulting visualization is the next step: ieimeng#d through rasterization
by arranging data values acquired during a single modulation cycle as a column of pixels, so that 1
ordinate corresponds to the elapsed time fébtheparation, while the abscissa axes corresponds
to the elapsed time for tHe separatioff. Figure 2.1A shows an example of two coeluted peaks
modulated witha Py of 4 s. Retention times in both dimensions are then calculated by peak
integration for each modulate pdagyre 2.1B). In particularitz predicted as the apex position
of the fitted peak, while the intensity is calculated as sum of all medblpézdks intensities. At
this point, a 3D plot is obtained by changing the position of the successive modulation from
subsequent to sibg-side, by placing each modulated peak in the Cartesian coordinate system
defined bytr and*r (Figure 2.1C). Theintensity is represented by the peak height however, in
the common tolown contour plot visualization, height is substituted by sscalef**
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Figure 2.11(2.11A An example of modulatedromatogram containing coeluting peaks modulated withf &
(Figure 2.11BCalculation of theetention times in both dimensions are then calculated by peak integration for each modulate
peak (Figure 2.1C) 3D plot and Contour plot visualizatfén.

The modulation proces<isaracterized lige Py. To maintain the separation produced in the
D, the effluent must be sampled frequently enough to prevent the coelution of already separate:
components. As suggested by Mugilal each chromatographic peak should be samjaet 3
times to meet this conditiéit>The choice of a correly;, is fundamental to obtain a profi2r
separation, however this parameter can be better described by the modulaile) datimiqg
the effective number of times that the ch@&enill modulate a givéD peak’ It is calculated as
indicated irEquation 2.2 where the peak width at the bage ¢r 1.6985 times the peak width at
half height of the pea¥), is divided by thi.

Equation 2.2 0 — - 8

Moreover, in case of modulation performed througtdidycycle modulators (Seeapter
2.4.9, Mgrvalue can be used as indicator to guide theeabfdihe corred®y: a value of at least 3
should be used for quantitative measurements of trace compounds, while for qualitative analysis

value of about 1.5 is considerate adeguate.

The correct reconstruction and the degree of resolution of a peak depends on the phase o
modulation. This is defined as the difference between the centéDopéla and the mean of
the peak region sampled by the modulattrhe two limiting scenarios, representdeigare
2.12 are respectively in phaBa(re 2.12A, having the single maximum peak centered at the
peak apex of th® peak, and 180° out of the phase moduldEiguie 2.128, where two equally
tall symmetric maxima are equidistant from'Eh@eak maximumFigure 2.12C instead,
represents a phasetveen the two limiting casés.
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Figure 2.12Different phases of@CxGC peak pulse2(12A in-phase modulatior.(.2B 180° ouof-phase modulimn
and 2.12G an intermediate phase modul&iton.

Finally the peak wraground is a phenomenon occurring whefihetention of an analyte
is longer than th&,.?"*It happens when an aytal has a stronger retention in #ecolumn,
eluting in the successig (Figure 2.13A).Peak wrajaround leads to potential coelutions
between components belonging to subsequent fractions and can disturb the structure of the
chromatogram, making methdevelopment and data interpretation more compli€gierd
2_133_20,28,53
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Figure 2.13 Exampleof peakwraparound 2(13A Analytes exceed the duration of a single modulation fredicdtéd
bythe dotted lineand(2.13B they elut@verlapping with separated peaks in the subsequent modulation period.
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2.4.2 Modulators

As previously anticipated, the modulator is the core of a GCxGC system being responsible for
the correct transferring of the analyte from@heolumn to theéD column, through its action of
cut, reconcentration, and-iejection of portions oD column efflueninto the’D column in a
sequential and continuous Way.

A modulator is required to create very narrow chromatographic bands durirgetigore
into the’D to preserve peak capacity and improve method sensitivity. It should be compatible, in
terms of efficiency, to the MW randetle analytes under study, should be robust, and cost
effectiveé®® The first modulator adopted fGICxGC was that proposed by Liu and Phillips in
1991% It consisted of a 15 cm segment of -golated thickilm capillary column, looped outside
the GC oven and position between Becolunm and the’D column; the modulation was
produced by periodic resistive heating of thepgotded trap’ Since its invention a wide variety
of other modulators have been developed and, nowadays, they candzkiclagsifnain groups
based on the principle used to obtain the modulation:

- Thermal modulators, that use a positive and/or negative temperature difference, comparec
to GC oven, tdransfer fractions from tH® to the?D.!***Thermal modulators can be
further subdivided into: (hpatetbasedcollecting analytes bands eluting fromDhet
the oven temperature (or slightly below it) and releasing them through an increase in
temperatureand (b) coolingbased, usuallgryogenic collecting analytes at very low
temperatures obtained through cryogens (usually ligoidOX,) and releasing them at
the oven temperature (or abové®*ithermal modulators are characterized by a duty cicle
of 1, it means that they completely transfers all & tiaate into théD column, without
losses>*

- Pneumatic modulators, adopt valves connected eitimer am outlinethrough a sample
loop (or channelyith the column set, for band transtét>**Pneumatic modulators can
be further subdivided int@lvebased modulators, where tlosvflates for théD and the
’D are not coupled, and fldvased modulators, where the two columns flows are
coupled® Pneumatic modulators can have a dugyc | ,edep€ndirig on their design.

When the duty cycle@0.5, they are named low duty cycle modufators.

2.4.3 Thermal modulators
2.4.3.1Heater-based modulators

Heaterbased modulators, as mentioned above, trap primary column effluent at ambient
tenperature (or slightly below it) usually with the help of thick stationary phases, while active
heating is used for the rapid desorption of the trapped afraRjtes.

2.4.3.11 Thermal desorption modulator (TDM)

The first modulator, ththermal desorption modulatoriffoddiced by Liu and Phillips in
1991%° used a 15 cm segment tHidk capillary column externally gotsited and allowing for
electrical heating. It was originally developed as sstagglenodulator, but it rapidly evolved in a
duatstage modulator to solve the probland broadening and anayteeakthrough**Figure
2.14shows how it worked the disdhge modulation:
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Figure 2.14 (2.14A Trapping and focusing of analytes eluting frofbtiselumn. 2.14BC) Remobilization of the
analytes and trapping in the second stage, while the next fraction of analytes reached the first stage d?.dwigRagion. (
injection in théD column33

Analytes eluting from tAB column were trapper and focused by the stationary phase coating
of the D column Figure 2.14A. At this point, the dict resistive heating through an0
electrical pulse of the first stage of the modulation process remobilized theFagafgt@si@p,
which were then trapped and focused in the second stage while first step cooled down to trap th
next fraction of @alytesKigure 2.14Q. The secondage was finally resistively heated and trapped
analytes were injected into #Becolumn Figure 2.140.>***The use of a duatage modulation
allowed the injection of the analytes inBh&olumn in narrow band, if compared to those
produced by a singi¢age modulation, rapidly abandoned. However, this first modulataegresen
many drawbacks, and the design was not robust enough for routine applications, due to frequer
capillary burnouts and the delicate nature of the thin conductf?é&*film.

2.4.3.12 Rotating thermal modulator (RTd) s we eper 6

The first commercially available device wasothagng thermal modulator ,(BTdMs we e p e r «
introduced by ZoexZpex Corporation, Lincoln, NE, USA} was theoreticallgescribed by
Ledford and Phillips in 1996, but the final version was presented in 1999, after over 2 years o
development and optimizativiThe RTM, commonly referred to as thes w e wagokedr iro4
stepsi(e.accumulatecut focus and laungtby using a slotted heater rotating around a shaft to
heat the modulator capillary, as describéidime 2.152°%
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Figure 2.15Modulation process of the sweeper in 4 main atepsnulatio(2.15A4, cut(2.158, focus(2.15G, re-injection
(2.15D 58

Analytes from th& column accumulate at the head of the modulator capillary coated with a
thick film of the stationary pke Figure 2.15A until the rotation of the slotted heater remobilize
analytes trapped in the upstream portion of the modWadarg 2.158. Remobilized analytes
are then refocused in the downstream portion of the modé&igime(2.15Q¢ and finallynjected
into the?D column Figure 2.150. To produce sufficiently narrow modulated peaks, it is required
a temperature difference of at least 100°C between the heater and the modulator capillary: th
limited the maximum GC oven temperature thus redingngplatility range of compounds that
could be modulated®

2.4.3.2 Coolingbased modulators

Cooling based modulatoese the most common thermal modulators: iy cold
temperatures twap and focus compounds, that are then released through temperatures equal or
above the oven temperature. In paldr, temperatures required to trap compounds fgam C
Cuo0n a deactivated modulator column were determined: to trap and focus any compound in this
range, a temperature of 12M°C lower than its average elution temperature is required while, for
ther release, temperatures approximately 40°C above the elution temperature &re needed.

The focusing is usually operated by using cryogehiguid N. or CQO,), and the two main
design are developed through a longitude movable trap or a jet trap. Although the use of cryoger
added a consumable cost to the system, it provided the best performance and overcome th
temperature limitations expeded using heatbased thermal modulatét8and focusing is
operated betweéb column andD column, and it can be done on a portibthe'D column,
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in a deactivatemblumnof suitable inner diametes(allya narrow boreapillary 0.10 mm ID), or
at the head of t® column*
2.4.3.21 Longitudinamodulated cryogenic syst@rinCS)

Thelongitudinal modulated cryogenic systeragliMiG&)ced by Kinghorn and Marriott in
1998, in a short communication describing the separation of a kerosertésample.

Figure 2.16shows the scheme of the LMCS using a trap, cooled through a flow of liguid CO
that moved longitudinally along the head clato®lumn in less than 10 ms, through a pneumatic
am electrically controllé&It works in three maisteps: (a) in the first step analytes were trapped
at the segment of the column cooled by the trap in the top position; (t)ethengitudinal
movement of the trap to the bottom positexposedhe cooled segment of the column to the
GC oven temperatgrallowing the remobilization of the focused band and the successive re
focusing at the second trap position; (c) finally, the trap moved back to the original position,
allowing the trapped band to remobilize again enterifiyy toimn

Actuator
Inlet Detector

\

——
—_—
Modulator Arm

Cryogenic Trap

—

Figure 2.16 Diagram of the longitudinal modulated cryogenic system (8MCS)

The LCMS was a straightforwardnnovation in modulation technology since Riévi
developed by Phillifs.CMS had its own limitationsry volatile analytegre difficulty tnaped,
ice buildup in the trap could cause column breakage and the mechanically moving trap is potential
problematié®*However, the successive introiibn ofgaseous Nas cryogen solved part of these
problems and was estimated that by 2004, cryogenic modulators had likely replaced almost all of
the TDMs inuse?*®

2.4.3.2 Dualstage quajkt modulator

In 2000, Ledford introduced a new modulator, based on a static cryogenic modulation, to
overcome possible problems arising from the use of mechanically mts4hdhmduabktage
gquaget modulatdilized two cold jetsooled throughiquid CQ (subsequently replaced byahd
two hot gas jetsind its operation mode is showeigure 2.17°°°
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Figure 2.17 Duatstage quajt modulator modulation proce€s17A Activation of the upstream cgéd to trap and
focus analytes eluting from tBecolumn, 2.17B Remobilization of the trapped analytes through the activation of the upstream
hotjet and subsequent focusing by the downstreafetddl 7G focusingdf the next fraction of analytes by the upstream
coldjet, and 2.17D injection of the band in the second stage int#tieelumn by activating the downstreamja®

Analytes eluting from thB column were trapped and focused through the upstreajatcold
(Figure 2.17A, then the upstream Het was pulsed to remobilize the trapped analytes towards
the second stage, where theyedoeused by the downstream getdo prevent any breakthrough
(Figure 2.17B.2%°5°The upstream cojet started again to trap the next fraction of anafjgese
2.17@, and the refocused band in the sestage was injected into tBecolumn by activating
the downstream hget, while the upstream cédd still stayed on to prevent breakthro&igiu¢e
2.17D 2%

Since all jets are placed close into a small chambet,dmat colget may influence each
other, therefore the duration of the heatingcating periods needs proper optimization. A too
long hotjet period, or a too high temperature, will result in a breakthrough of a part of the trapped
fraction or on a ther mal degradation of the
the dher hand, when the temperature of the cryogen is too low, or tfet peldod is too long,
the analytes will not be properly remobifized.

The duaktage qug@tl modulatsrone of the most appreciated and used design of thermal
modulator. It was commercializedZmgx as the KT2001 modulgtatilecurrently is available
from theLECO (LECO CorporationSt. JosepiMI, USA)in their Pegasus lineup.
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2.4.3.8 Dualstage lop modulator

A coupleof year later the introduction of theaktage qujet modulator 2002 Ledford and
coworkers presented tdeaktage loop moduledpable of providing a dséhge modulation
although using a single couple of hot andjetsl**

Figure 2.18shows how each ggs passed through tveegments of a looped capillary. The
coldjet ran continuously creating two egpats, in the upstream and in the downstream portion
of the loop Figure 2.18A. The ho{et instead, was activated periodicallytidigehe colget
from the loop, and heating the cold spots to remobilize the trapped analytes in b&igueots (
2.18B.#3

Figure 2.18Modulation process of the dsthge loop modulatoR.{8A the coldet creates two cold spots in the
upstream and downstream portion of the loop 2488 the subsequent hjet, periodically activated, remobilize the trapped
analytes in each section of the column.

It means that analytes eluted from‘theolumn are trapped by the c{@tiat the upstream
spot and then the activation of the-jedtremobilizes them into the lo@pdlary. As the analytes
traveled through the loop the et was deactivated allowing the formation of new cold spots to
through the colget: analytes in the loop #&apped irthe downstream cold spot and, at the same
time, the next fraction of thaalytes eluting from tAB columnis trappedn the upstream spot.
The subsequent activation of the-jebtinjected the refocused band of analytes from the
downstream spot into tBB column and released the trapped analytes from the upstream cold
spot hto the loop®*3
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As for theduaktage quigd modulattreduaktage loop modulasats an optimization of the
temperatures to avoid breakthrough whilecmreg for an efficient reinjection of the trapped
analytes. Moreover, the length of the delay loop requires an optimization, and typically its length |
about 1 m. If the loop is too short, the risk is that the band travelling through it might reach the
second spot at a time when it is not still sufficiently cold, allowing breakthrough to occur;
conversely, multiple injectiofi®m the first colespot could be present within the loop
simultaneouslyf the loop is too longj.For this reason, a model to optimize the length of a loop
capillary irGC x GC systems adoptingda&stagmopnodulatowvas proposed by Harynuk and
Gorecki in 200%.

The duatstage loop modulatas today on of the most used and it is commercially available
from Zoex3®

2.4.3.2 Cryogerree thermal modulators

Cryogen free thermal modulators were designed with the purpose to eliminate cryogens, an
thus reducing cosisithout significant compromises to the performance and robustness.

For both theduaktage quj@tl modulatordduaktage loop modalie@@vailable consumable free
variants using a chiller instead of liqguitbNool the heat exchangklowever, wie cryogen
modulators are able to modulate analytes in the ra@gg c@yogeriree thermal modulator are
unable to trapighly volatile species un@eor G:.2° Nevertheless, addition to those variants of
cryogenic modulators, original designs for cryfogethermal modulators were developed:

- Singlstage consunfi@@emodulatorwas introduced by the Gorecki group in 2015 and
utilized a specially coated stainlesscapillary trap that could be passively or actively
cooled?® Analytes were focused on the trap thanks to two ceramic cooling blocks that were
cooledd passively or activélythrough a copper heat transfer conduit. Then, the focused
band of analytes was injected into the 2D column by resistivetytheatigh a capacitive
discharge®

- Soliestate modulaliovas introduced from Luong et al in 206ersnal independent modulator
(TiM) and poduced byl&X Technologies (J&X Technologies, Shanghai, €hiiha).

TiM operated outside the GC oven with thermally independent heating and cooling stages:
heated areas usedcathermic heaters to heat the aluminum charfibersambient
temperature to over 350°C, while cooling zones can be programmé&@ ftin +50°C

through a pair of thregage thermoelectric cooféf$.Dualstage modulation was
obtained by mechanically moving the modulator nddéack and forth: analytes from the

1D column were trapped in correspondence of the cooled zone and remobilization was
accomplished by moving the column toward the heated entry zone. This movement
simultaneously exposed the downstream segment of theton@adllenn to the cooling

units, whilethe newly cooled zone for the second stage of tragpiegched by the
remobilized analyteSinally, moving the column toward the exit zone, trapped analytes are
once again exposed to high temperature and injatdethe 2D column, with a
simultaneous exposition of the upstream segment of the column to the first stage of
trapping. The modulation range depends on the modulator column installeeJe.g., C
Co-Cuoetc.), while a replacement of the moving parte basdone after a defined number

of modulations: 100,000 for the column guides and 1,000,000 for the modulatét¥olumn.
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2.4.4 Pneumatic modulators

Thegrowing interest faryogerreemodulators led to the development of modulators based
on a different modulation principle. Wthermal modulators trap effluent from ‘heolumn
using temperature differentials, pneumatic modudalops valves connected eithdine or out
linethrough a sampleop (or channelyith the column set, for band transtéfg3+>¢

Different designs have been developed and optimized matching for an effectiveness
comparable to that achieved by ther mal mo d L
s t a n dnaartatudar, two major families of pneumatic modulatorsvakistbhased modulators,
where the flow rates for th® and the’D are not couplednd that are usually kaluty cycle
modulators, andflowa s ed modul at or s, wh ecoupledtafdehe fullar c o |
almost full) transfer of th® effluent into théD column results in a duty cycle = 1 (or close to
1)142934535However, in order to achieve a full transfer tatidn, high'D column flows are
necessary, leading to an increased difficulty of use when coupled to under vacuum detectors, su
as mass spectrometéts.

2.4.4.1Diaphragm valve modulator(DVM)

The diaphragm valve modulator (2A&vihe first pneumatic modulator, particularly a valve
based one, successfully applied to GCX8G&as described by Bruckner et al in 1998 as alternative
to thermal modulators for the analysis of VOCs.

The DVM, shown irFigure 2.19 utilized four ports of a gastuated diaphragm valve with
low deadvolume fitting as interface between the two columns within the oven; gas supply, instead,
was by a thregort solenoid valve. The diaphragm valve would be activated twice per second for a
very short time, allowing a small portion ofheolumn effluent to enter tAB column Figure
2.19A then, while the separation was occurring, all residual effluent ftoradhenn would be
vented to the atmospheFagure 2.19B.>2 It means that this modulator is not mass conservative
and it is characterized by a low duty cycle, with ofilp% ?f the effluent from tH® column
that is transferred to tH® column!***Relatively narrodD peak widths were obtained with
interesting results in term of robustness, with an exéglleproducibility? However, because
of the significant loss in mass transfer, this modulgss sensitive than a thermal modulator and
isnot suitable for trace anatydWoreover, the valve could be operatadretximum temperature
of 175°C, restricting analysis to very volatiles VOCs and thus limiting the modulator apgplicability.
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Figure 2.19 Schermaof the DVM showing2.19A the primary column effluent entering2Deolumn and4.19B the
primary effluent being vented to the atmosphere during thd sepamatiaf?

This first design dDVM for modulationn GCxGC has continued to improwethe next
few years mainly by Synovecds group, with t
enhance detector sensitivity, and (b) the overcoming of the temperature limits.

The first goal was matched with the work of Mohler et al in\20i@6, introduced a total
transfer valve based modulator bringindrémion ofthe D columneffluent transferred to the
’D columnfrom 510% to 100%°As shown irFigure 2.20 a higkspeed siport diaphragm valve
was used and sample loop implemented, based on the original idea by Seeley developed on
differential flow atmd(DFM)in 2000 $eeChapter 2.4.4.3or detail’.

Page |64



ry

To detector

Column1 Column2

Modulation Valve

Figure 2.20Diagram of the totatansfer diaphragm vallkased GCxGC with the dotted lines showing the port
connection in the column 2 inject méte.

An early solution to temperature limit, instead, was to have the valve face mounted external
the oven: this approach extended the maximum temperature of usage to 250°C, enabling
application to higher boiling point anal§tefowever, a successive technical solution was found
by Freye et &jn 2015, by replacing the temperaserssitive @ing with a perfluoroelastomer
based @ing, allowing reliable function up to ¥25The functioning of the updateeodrt
modulator was investigated, showingémeow and reproducibli® peak widths were produced,
with a high reproducibfé: and a detection sensitivitfold higher than 1B5C due to zone
compressioff.

2.4.4.2 Flowdiversion or Microfluidic Deans Switch modulator

The flowdiversion modulaésr introduced by Seeley in 20@8. the first design @VM, it
was a lovduty cycle modulator sampling tBeeffluent for only a small portion of tifg.
However, Seeley here replaced multiport valves that cannot operate at elevated temperatures w
a Deans Switclised for decades in H/C systermas aflow diversion modula&drhave been
successfully tested at temperatures as high as 350°Gedmgeiit must be considered that the
time scale for H/C is about 1 order of magnitude greatethihéime scale required for successful
GCxGC modulation thus DeansSwitch should not be used under ‘spgbed separation
conditionswhen high precisios desiredndeed, it has been reported that the &3k fraction
of material transferred from tHe to the?D is less than 1% if thdr is greater than 2.@hile
increasempidlywhen theMg is decreased below.2.5

The modulator was created by implementing agbresolenoid valve, placed outside the
oven, vith an Agilent microfluidic Deans Switch five port manifold, placed inside tHéguen.
2.2 illustrate the functioning of the modulator: thestate fluidic device directed theeffluent
to the?D column of a flow restrictor, which was a deaetivaised silica column with the same
dimensions as that of th2column. The state of the modulator is then determined by the direction
of the auxiliary carrier gasvhose flow was significantly greater tBacolumn flowd provided
by the solenoid vavFigure 2.2A) i n t he 0 BD/cplamm sfftuenswasdirexted tdh e
the flow restrictor, whilésigure 2.2IB) i n t he 0 i'Dncplieno padsedsontathiee , t h
column?**® Modulation continued by alternating between the tatessof the Deans Switch
throughout the entire chromatographic run.
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Figure 2.21 Flow diversion/Deans Switch modulat@r2{A Bypass state, showing fhecolumn effluent directed
toward the flow restrictor; ar@lZ1B Inject state, showing the aiaxjl flow directing th#® column effluent into theb
columns3

Today this modulator is commercialized bsu x E  F | oby LEZO,dhatlimlenoent it
on thePegas#sBT platform

2.4.4.Differential flow-modulator (DFM)

DFMwas introduced by Seeley in 2000 to overcome the weaknesses characterizing the firs
DVM design? but new developmentecurred in the successive yaad a key event for the
wi der adoption of flow modul ation was Agi |l ¢
technology (CFT) modulator in 2008, basddlexmodulato originally introduced by Seeley et al.
in 2006*

The first design dDFM, n a FoevarillBF orwarélush Modulaias shown inFigure
2.2 indicating how, through a valve and a collection channel (or sample loop), the modulation
process is realized in two main stépgufe 2.2A) o f i Riguré2.2Bhd 0 € | us ho. Wk
valve is switchedtino t h e 0 f 'D ¢ldaté flowsdndoehe collettien channel and an auxiliary
flow of carrier gas enters fllecolumn; the auxiliary gas is supplieddrgssure control module
(PCM)through asolenoid valve that can be switciéd the end of the collection period, the
collection capillaris flushed for 1@G200 ms by a very high gas flow (typically 20 m) min
generated by switching treve to thdlush position, allowing the entering of the eluate into the
D column. The flow in the sample loop is generally higher than that of the primary column and
this design of modulation allows the entire volume dbtleelumn to be diverted inthe 2D
column: it means that it produces adutyayadee 0 c
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pneumatic modulatoi®*This simple design resulted effective, even if susceptible tlhrbuegk
if modulator channel is overfilléd.

(A) Fill

Q—oO

Inlet

Column 1 —=

Caollection
Channel PCM

Caollect
= Tl_ll'.llj'.t'l_.lkl'l
Nt

Column 2 =

Detector

Flgw Wigdulator

(B)

Flush

flow direclion

@ -
Inlet _ 1§ O
Caolumn 1 T Inject

Collection |: [

Channel|

Q13

Column 2 =-=— =t

‘ D tector |

F [eEth) r.-‘ll\._'ld._l alor

Figure 2.2. 0 F oRilllWawaditF | u s h Mo 2A22A) fill imarle andA. 2B) flush modeAbbreviationPCM-
pressure control module. Adapted ffom

Another important advancement resulted from the introduction of a newcdegigmng 2
CTFby Griffith et alin 2012 and successively commercialized by Agilent Technolageyle
CFT, with the addition of a vent restrictor tFbrearéidl/Reverdel u s h MG Asshoart or 6
in Figure 2.23A in the first step the collection channel is forward filled in the direction of a vent
restrictor (usually marrowbore capillary) that, if opportunely set, avoid the collection channel
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overloading without loss of effluent from e column. The flushFigure 2.23B) instead,
differently from the first design, is in reverse mode, resulting in a tailingeatkila {he base
reduced 120 fold”® Excellent precision has been demonstrated as well as the capacity to handle
significant overloading without loss of resolution iADtdimension, resulting in an irase of

the effective peak capacity of flow modulated &> "*Moreover, the maximum operational

temperature reported to be up to 300°C for D&M design allows an extension of the possible
applications, if compared®@¥M .>°

(A) Fill

Vent/Monitor O - . —~

Detector Vent Restrictor \ =y
Collectios
@ Clt:v«:-::u: ! Modulation valwe off
Inlet = [ PCM
Lolumn 1 ——p= -
- [ i
Collect
Analytical - - Y [Iuw
Detector Colurm 2 h=4 direction
Flow Modulator
Flush
Vent/Monitor Oq_ o~ — inject
Detector Vent Restrictor A Ao '.
Collection !"' ’ Liam
directior
Channel e
[
PCM
Inlet Column | ——p=
@ l Modulation valve on
Analytical - —
Detector Column 2 = et

Flow Modulatar

Figure 2.8. 0 F oFillMRaversé- | u s h Mo 228A) fill imade andA, 23B) flush modeAbbreviation PCM-
pressure control module. Adapted ffom
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Othermanufacturersave subsequently introduced their own commercial version of the DFM
as Sefolve, that has recently introduced the INSIGHT flow modulitguré 2.24), whichis
based on a reverse fill/flush modulatfon

Fill mode ‘Flush’ mode

Figure 2.20. INSIGHT flow modulator from Sepsolife.

Another version of the DFM was proposed by Tranchida et2@ll if? It was based on a
seven port valve with a flexible loop between ports to collect the sample and it offers the possibility
to optimize flows using a waste branch bridging the interface and a neeBigwa\&J5.

Accumulation stage

A External loop
1D {AFC: P)
W
APC (P, —» . -
— Py
—
B I
T 1D AFC: By) 4’

Waste

APC (P} —m .

Injection stage

Figure 2.5. Scheme of thBeFM accumulatior2(5A) and injection mode®.%56B). Abbreviations: V-&ay solenoid
valve; AC: advancegressureontroller.

Page |69



The interface comprises a metallic disc and internal rectangular channels, with two metalli
branches connecting the valve to the interface in positions 2 and 5,'arehth® columns
linked to positions 1 and 6, respecti?dlge size of the loop is chosen considékintd and’D
columns flow and dimensions, with the flow exiting the loop that it divided between the channels
linked to ports 6 and 7. The operating mechanism is related to the Seeley design discussed abo
with fill and flush steps here named as accumulation and injection stages.

2.4.4.4 Stoglow modulator

A particular design of modulator, combining valves and cryogensStiggtbe modulator
proposed by Harynuk and Gorecki in 20@4stops the carrier gas in filecolumn to allow the
seq@ration of the effluent in tAB column to reach completion. The scheme of this modulator is
shown inFigure 2.2: the interface utilized an-agtuated siport valve within a heated chamber
and a singistage M jet was placed downstream of the valve to trap and focis effeient
before the subsequent injection into’Bheolumn. An uncoated fused silica capillary having the
same dimensions of t@column is used to supply auxiliary carrier gas andaesapasfer line
of deactivated fused silica was placed between the valve and the cryotrap. In the sample positic
(Figure 2.26A), the 1D column effluent passed through the valve to the cryotrap where it was
trapped and focused by the liquidell Aftera determine time, the valve was switched to the stop
position, the cryget was switched off and the waetactivated. Th® column flow was then
stopped and the carrier gas directed to allow the flush of the focused analytéb iotduting
(Figure 2.26B). Finally, after the completion of the 2D separation, valveactisaged, and cryo
jet was employed@he main advantage oétitoglow modulatonsists of the independent use of
the two dimensions, therefore overcoming the necessity afoperg i n of ast é6 co
second dimensiomn the other hand, the overall analysis time was extended by the total stop
time "3
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Figure 226 Schereof the Stoglow modulasbowng the two positions2(26A) sample an®(%6B) stop. The black dots
correspond to the plugged ports, while the open dots correspond to the three ports that wete utilized.

2.4.5 Perspectives

Nowadays ther mal modul ation is stil]l cons
performances in terms of sensitivity and overall peak capacity. However, théev@erspect
cryogeHrree modulation is of growing interest, leading to a significant reduction of the associated
setup and running costs, in addition to the decrease of safetylissaasone side research is
progressing in the field of cooligsed cryogeiree modulators, an exponentially increasing

Page |71



interest is directed towards the world of floodulators: Zanella et al. reported that, while only
7% of the studies making used of flow modulators until 2017, this number was increased to 16%
in 202¢*

New applications are several, and an accurate optimization of the DFM setup is bringing to &
performance level that is increasingly closer to that produced by cryogen modulators. Recent studi
from Aloisiet al’ and Stileet al® demonstrated that is still diffictdtsimultaneously match for
sensitivity and separation power to those obtained by a cryogen modulated platform, however a
equivalent separation power can be reached at the cost of sensitivity or, an almost equivalel
sensitivity can be achieved at tista@fo~20% separation power

An interesting recent innovation in this field was that proposed by Seeley et al in 2018 with the
introduction of themultimode modulator (MMM )s a fluidic device proposed with the ambition
to cover the entire range of possibilities included in the world of MDGC: it can be used as a
traditional heartuttingdevice, a low duty cycle &GC modulator, and a full transfer &&C
modulate. It is characterized by a deactivated metal joining capillary linketDarothenn side
to a T union and on tHB side to a cross union, while an auxiliary pressure unit supplies a solenoid
valve connected to the unions through two metal capilldhies.the valve flow is directed to the
T union, theéD gas floncan bedirected to the restrictor (low duty cycle mode) or accumulated in
the joining capillary (high duty cycle medidk, vinen the valve flow is directed to the cross union
(normallyin closed position), th® effluent is directed to tAB column’®#°

The latest advancement proposed irfi¢he of pneumatic modulator was by Aloisi et al. in
2021, presenting the useldF | u x E F | o wunddiocdnditioastcapable of providing a
higher duty cycle (0.04), withaareptable level of analyte transfer frortDthe the’D column.

It was mplemented with a columns-gptusingd 0 m7 0. 25 rast) cOlun) &nd & m
1 mi 0. 10 nasdd ddluninOafgdnayFPof 700 ms, with a fiajection period of 80 ms was
used®

Finally, the tast frontieri n t he fi el d of MDGC was expl or
with the introduction otomprehensive thredimensional (3D) gas chromatography®(GC
However, interesting advancements have been done with the introduction oténepeigiiure
diaphragm valve based on peefluoroelastomdrased @&ing, which was recently implemented
on a GCxGCxGCETOF MS platform combining the Diaphragm valve abdadstage quigd
modulat$®?

25 Detectors forGCxGC

Peaksluted from théD are the result of a focusing and reinjection process operated by the
modulator, and they are characterized by a narrow vadflfo@300 ms}*?"2For this reason,
the main requirement ofGCxGC detector is a suitably fast acquisition rate (at 180 5y,
to provide a minimum of 10 scans per peaky:>

Detectors provide a conversion from ansdedjgital of the chromatographic signal collected
and they are classified in univariate or single channerdef@oducing a single data point for
each time point of the chromatogram, and multivariate or multichannel detectors, producing
multiple data points for each time point (typically over a spectral*rdbgéd. collected are then
stored under proprietary data file format that can be converted to text by using the ASCII format
comma separated values (CSW@ASTM format analytical data interchange (ANDI), which is
a standard for chromatography and MS'tiata.
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2.5.1 Single channel detectors

Flameionization detecto(FID) was the first detector coupledG&€xGC. It detects ions
formed from the combustion of organic compounds by a hydrogen flame, giving a response that is
mostly proportional to the number of carbons present in the molecules. It is simple, fohust, wit
small internal volume, and it is characterized by a high acquisition freqtBI®CHEOFID is
particularly suitable for quantitative purposes and it is highlgdidagitidies of the petroleum
ared@®

Electron capture detector (EC3)usually characterized by a slow acquisition rate, being
theoretically not suitable IBICxGC analysis. However, being an electron emitter attracting high
electron affinity molecules, it is sensitive kogkaated compounds and thus used for specific
applicationse(g pesticides, herbicidé&y.*

Nitrogenchemiluminescence detec{t€D) andsulfurchemiluminesence detectors (SCD)
are oher elemenselective detectoused for specific applicationfiey have higher acquisition
speedhan ECOQ comparable to that of FIE-2™

Nitroger®phosphorous detector (NPDPnore correctly named Thermoionic Detector (TID)
because of its ionization mechanisims very similar to the FIDpwever herthe source isot a
flame butan alkali salt inside a ceramic cement rifatrix.

2.52 Multi channel detectors

Multichanneldetectors have the ability to produce spectral data used to identify the analyte
based on known spectral datab&ses.

The most used multichannel detectors are mass spectromgtarsl(M&rticularly, the most
common implementation of MS withiG&xGC system is timef-flight-MS (TOFMS), due to
its high acquisition frequency-g8D Hz}>?**TOF-MS is highly selective and it is based on the
simple principle according to which, if the ionized species@tath&é same point at the same
time, their acceleration and velocity are directly correlated to théirchasge ratio (m/z), and
they will reach the detector at a time depending on their ihResesntly, highesolution TOF
MS platformsg.gPegasus GERT+ 4D) have offered an increased informative potential through
an accurate mass detection, at the cost of a reduced acquisition fféejiandgm ionization
TOF-MS €.gBenchTOFSelect TOFMS by Markes International) are able instead to alternate the
defined ionization energy in the rang@@ eV (at the cost of a halved acquisition freqde&y
Hz per channel), producing twin data streams that briogrtigementary information derived
from the hard and the milder electron ionization energie$ (El).

Less effective are quadrupole MBI§] because of their relatively low acquisigguency
(i.e.2050 Hz). However, they represent a good alternative terfudgiS because of their lower
costs and robustneés>#’

Finally, an alternative multichannel detector is the Vacuum Ultraviolet (VUV). Modern VUV
detectorge.g.YGA-100 and VGALO1 by VUV Analytics) reach an acquisition frequency of 90
Hz; moreover, they provide a linear response and no need for calibration, they are excellent fo
isomer differentiation and robust, with minimal maintenance requiréments.
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2.6 GCxGC and olive oll

This short chapter is intended to be a guide including the curreof-stetrt regarding the application ®@CxGC to olive oll
characterizatiotcCxGC has been applied to investigate the complex fractions of volatiles amdiasigesicomposing adiwil, by exploiting
both untargeted fingerprinting based on 2D patterns and detailed prokifiog/iofcompounds.€.targeted analyjeépplications related to
olive oilgeographical origin and variety discrimination, technological issues,tideraifidpening indicators and characterization of minor
fractions areollected iTable 2.6.1 listedoy alphabetical order by author

Table 2.6.1 It includes the list of GCxGC papers related to olilefole July 2021. Papare listed in alphabetical order by author

Author Title Year Journal DOl

AdahchourM. et al. Vel GETEIENENEYE twi)mens;)pnpallilcgzséglswromatographlc system: concer 2005 Journal of Chromatography A 10.1016/j.chroma.2004.12.021

Fingerprinting of the Unsaponifiable Fraction of Vegetable Oils by Usil
Aloisi I. et al. Cryogenically Modulat€bmprehensive Twbimensional Gas 2020 Food Analytical Methods 10.1007/s1216020017729
Chromatographiligh Resolution Timef-Flight Mass Spectrometry

In-pipette soligphase extraction prior to flamodulation comprehensive two

BarpL. et al. dimensioal gas chromatography with dual detection for the determinatic 2017 Talanta 10.1016/j.talanta.2017.01.009

minor components in vegetable oils

CajkaT. et al. Traceability of olive oil based on volatiles pattern and multivariate anal 2010 FoodChemistry 10.1016/j.foodchem.2009.12.01
Complementary Untargeted and Targeted Metabolomics for Differentiati

Da Ros A. et al. Extra Virgin Olive Oils of Different Origin of Purchase Based on Volatile 2019 Molecules 10.3390/molecules24162896

Phenolic Composition and Sengpugality
Enhanced Profile Characterization of Virgin Olive Oil Minor Polar Compc
Fiori F. et al Extracts by Comprehensive Fdonensional Gas Chromatoging with Time 2016 Polish Journal of Applied Science
of-Flight Mass Spectrometric Detection
Janssen HG. etal, | C@mprehensive tatimensional liquid chromatography x gas chromatogra 4 Journal oChromatography A 10.1016 /S0023673(02)02058

evaluation of the applicability for the analysis of edible oils and fats
Combined targeted and untargeted profiling of volatile aroma compound

Lukic I. et al. comprehensive twadimensional gas chromatography for differentiation of v. = 2019 Food Chemistry 10.1016/j.foodchem.2018.07.1%

olive oils according to variety gmbgraphical origin
Magagna F.et al. CERMAMEE MEGRESE S ERERE TgEmiiiiie Wiin SEMEEsr e oq, o Analytica Chimica Acta 10.1016/j.aca.2016.07.005
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Mondello L. et al.

Purcaro G. et al.

Purcaro G. et al.

Purcaro G. et al.

Purcaro G. et al.

Stilo F. et al.

Stilo F. et al.

Stilo F. et al.

Stilo F. et al.

Tranchida P.Q. et al.

Vaz-Freire L.T. et al.

Vyviurska O. et al.

Evaluation of fast gas chromatography and gas chromatdgraghy
spectrometry in the analysis of lipids

Determination of polycyclic aromatic hydrocarbons in vegetable oils using
phase microextractid®comprehensive twadimensional gas chromatography
coupled with timef-flight mass spectrometry

Fingerprinting of vegetable oil minor components by multidimensiona
comprehensive gas chromatography with dual detection

Characterisation of minor components in vegetable oil by comprehensiy
chromatography with dual detection

Toward a definition of blueprint @ifgin olive oil by comprehensive two
dimensional gas chromatography

Untargeted and Targeted Fingerprinting of Extra Virgin Olive Oil Volatile
Comprehensivéwo-Dimensional Gas Chromatography with Mass Spectror
Challenges in LoAerm Studies

Highly Informative Fingerprinting of Exdvérgin Olive Oil Volatiles: THeole
of High Concentratio€apacity Sampling in Combination with Comprehen
Two-Dimensional Gas Chromatography

Chromatographic Fingerprinting by Template Matching for Data Collecte
Comprehensive Twbimensional Gas Chromatography

Exploring the extrairgin olive oil volatilome by adding extra dimensions

comprehensive twadimensional gas chromatography and timebf fliass

spectrometry featuring tandem ionization: validation of ripening marker
headspace linearity conditions

Elucidation of fatty acid profiles in vegetableegptoiting groujype patterning
and enhanced sensitivity of comprehensivéitwensional gas chromatograp

Comprehensive twdimensional gas chromatography for fingenpaittern
recognition in olive oils produced by two different techniques in Portugues
varieties Galega Vulgar, Cobranc, osa e Carrasquenha

Comprehensive Twidimensional Gas Chromatogragitiass Spectrometry
Analysis of Different Types of Vegetable Oils

2004

2007

2015

2016

2014

2019

2019

2020

2020

2008

2009

2015

Journal of Chromatography A 10.1016/j.chroma.2004.02.05¢

Journal of Chromatography A 10.1016/j.chroma.2007.05.10¢

Analytical ano! Bioanalytical 10.1007/S00216148140x
Chemistry

Food Chemistry 10.1016/j.foodchem.2016.06.04

Journal of Chromatography A 10.1016/j.chroma.2014.01.067

Journal of Agricultural and Food

Chemistry 10.1021/acs.jafc.9b01661

Separations 10.3390/separations6030034

Journal of Visual Experiment 10.3791/61529

Journal of AOAC International 10.1093/jaoacint/qsaa095

Journal of Separation Science 10.1002/jssc.200800002

Analytica Chimica Acta 10.1016/j.aca.2008.11.057

Journal of the American Oil

Chemists' Society 10.1007/s117461526352
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Chapter 3

Principles of chemometrics

3.1Introduction

Itis difficulttod ef i ne a proper date for chemometr.i
result of a gradual approach of the chemissigi¢aces as mathematical and statistical to select or
design optimal measurement procedures, while providing maximum relevant chemical informatior
by analyzing chemical data.

One of thefathers of chemometrics is tfewd chemist William Sealy Gossitce the
company where he was employed did not allow him to publish the outcomes of his researches,
assumed the pseudonym Student, considering himself as a modest contributod friHehésfiel
mostly known for his work, published in 1908, describing the probadtiiiytiton commonly
known as Studentds distribution.

However, despite the importaale played by some fathers of the discipline in the edrly XX
century, the modern chemometrics is a younger discipline: Svante Wold, a Swedish organic chem
used the term chemometrics in a grant application for the first time in 1972 and, tdgétkeer wit
US analytical chemisByuce Kowalskisent a letter to Analytical Chemistry in 1974 proposing to
officially use this term to identify a scientific discipline aiming to extract useful chemical information
from complex chemical ddtaMathematics and statistics offer to chemistry a toolbox including
both univariate methods, considering one variable at a time, and multivariate methods, taking int
account the intezorrelaibn between chemical variables, and allowing a more complete exploration
and interpretation of data structirésese tools assist the analyst in select the right experiments
to perform, explore chemical data, build optimal models and interpret the final*rabveys,
remembering that a chemometrician is first of all a chemist, and the data analyst should always ha
a complete understanding of the nature of the analytical data and a deep awareness of the proble
under study Different chemical data require in fact different processing strategies.

In the late 1980s and 1990s, the diffusion of morerieselly computers lead to the
incorporation of complex algorithms into packaged softwageP(SToolbox, Pirouette,
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XLSTAT, SIMCA etc.) and the word chemometrics widespréatlmoment is considered, by
oharddé chemometricians, as a <cruci al poi nt
wanted to use these methods, but without spend time in learn about computational and statistice
basis of chemometrics metho@semometrics has become domain of people who want this
methods immediately, through a fast and easy learning route amadidhexpansion of
chemometrics packagesncided with alow decline in dedicated chemometrics expertise

For this reamn, this chapter of introduction to chemometric is included to provide an overview
of the most common methods used within the GCxGC anddimick field, ordered in a rational
workflow from the design of experiment to the creation of classificationrassioagnodels.

Indeed, GCxGG{ OF MS) generate high/muttimensional data files that, combined with
an ideally large number of samples, lead GCxGC users to adopt robust chemometrics tools tc
access and extract reliable informat@imemometrics can be used for different purposes within
GCxGC-TOF MS foodomics dataset, including: (a) design of experiments, necgssanate
high qualityaw data; (b) preprocessing, intended both in terms as GCxGC signal preprocessing
and data preprocessing; (c) showing simple trends by univariate methods; (d) exploring comple
data matrices by exploratory analysis and patternitieco@nd (e) modelling classification and
discrimination by supervised metH&ds.

3.2 Design of Experiment
3.2.1 Introduction

Design of experiment (DOE)r experimental design, is a multivariate approach that aims at
maximizing the quality of information extracted freheaical system/process while minimizing
the experimental effosThis concept was introduced in 1935 by Ronald A. Pistigich
implemented the concept of a rational planning agxtiselof the experiments to perform, in
order to obtain the best knowledge of the system undet study.

This strategy is based on the idea that eachnexmal systenme(g.chemical reaction,
instrumental analysis, extraction procedure etc.) is characterized by mvarfabtess(that can
be changed and set at specific values) and respensesaéurable quantities indicating the result
of an experiment&)Variables can be qualitative or quantitative, and usually they are not totally
independent from each other, making it necessary aadppe. DOE) able to consider and
study interaction among variaBlé$2This optimization approach is opposed to thevanable
atatime (OVAT) strategy, which apize a system changing one variable at a time while keeping
constant all the other, in order to study separately the effect on each variable. The problem of thi
approach is that interactions among variables are totally missed and only a small part of th
experimental domain is explored although, with an increasing number of variables, the number o
required experiments grows fast?

The usual workflow followed duringextperimental design is the following:

- Define the goal of the experiment.

- Define the variables/factors to investigate. All variables having an effect have to be
selected, while variables that are not selected have to be kept constant ad a fixed leve
in all experiments; however, in case of doubt about some variables, it is always bettel
to include a few extra variables at the beginning than adding one varidble later.
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- Plan the experiment. It is necessary to define the range of investigation for each variable
and the model to be applied, dependinghenscope of the study (screening or
optimizationy:**?

- Perform the experiment.

- Analyze results. Information extracted from the model are transformed into logical
conclusins.If a single experimental design does not lead to the solution of a problem,
information obtainedre used to reformulate the problem (by removingigoificant
variables, redefine the experimental domain etc.) and to perform a new design of
experimat.*

Experimental designs can be divided into two main categories: (a) experimental designs fa
independent variables, where each vaoablbe set at any value inside its range regardless of
values takes by other variables; and (b) mixture design, used for mixture components, where tf
implicit constraint is that the sum of all the component/variables musteb@@@6) and what
matteris the proportion of each component in relation to oth€hs.this chapter mixture designs
are not discussed, while the focus will be on experimental designs for independent variables,
distinguishing bewen screening designs and optimization designs.

3.2.2 Screeninglesigns

Screening designs are usuallytosgetect the relevant variables in a system, or to remove the
nonrelevant ones; for this reason, if a variable is already known to be tedénand, be not
included in this study, °*%'o not oOcoverd6 the

Common screening designs are (a) Pldkettan design, used to screen the linear effects of
a large number of factors with a limited number of experiments without including interactions
between variables; and (b) factorial degitjyro( fractional), which is not properly a screening
design, but it is simple and therefore often used for this ptipose.

3.2.2.1Plackett-Burman design

PlacketBurman design, introduced in 1946 the most efficient approach when the aim is
to determine the main effect of a large number of variables with a small number of eXperiments.
The linear terms of the postulated model are computed as sheguatign 3.1, where Y is the
response, k the number of variabless bhe constant term anddre the coefficientsf the
variables

Equation 3.1 9 Ar B Az

Two levels are set for each variable, codddaasl +1 (or simpl§ and +), and the number
of experiments (N) is equal to the first multiple of 4 greater than the number of variables (k): it
means that, differently from other designs where a preciserrafrwariables correspond to a
defined number of experiments, here N experiments can be used for a different number of
variables, up toM?

The buildng of the experimental matrix for a PlaeBatman design is quite simple: the first
row of the experimental matrix can be found in literatalbde(3.1) while the second row is built
taking the last element of the first row and making it the firet eétond row, then copy all the
remaining elements of the first row shifted by one position to the right. Third row, fourth row, etc.
are built by repeating the same procedure, starting from the prevfgtishedinal model matrix
is obtained by adding a first column of + to compute the constantterm b
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Table 3.1 First row of the experimental matrix for Plaggetman designs of 8,12,16,20 and 24 experinents

N First row

8 + + + - + - -

12 + + - + + + - - - 4+ -

% |+ + £+ - + |- [+ £ |- -[+|- |- [-

20 + + - - + 4+ 4+ + - + - + - - - - + + -

24 4+ + + + + - o+ - o+ o+ - -+ o+ - -+ -+ - - - -

Although PlackeBurman design allows to investigate\Mriables with only N experiments,
for the experimental design it is recommended to add some rephkpatadents to estimate
experimental variability and validate the niédedrforming additional experiments in replicates,
introduces more degrees of freedom (DoF), that are calculated as in@iqatgtim3.2 where
N is the number of experiment grtthe number of model coefficients .

Equation 3.2 0¢ OO0 1

Moreover it is a good practice to perform the experiments in a random order to avoid
systematic errors or drifts.

Finally, it is worthy of mentidhat this simple and rapid approach, although useful to select
the most important variables to investigate, does not detect interactions among them. Therefore,
might happen to draw misleading conclusions if a main effect is masked by an fteraction.

3.2.2.2 Full Factorial design

The simplest type of experimental design that allows to understand the effect of the
variables and thenteraction on the response is the Full Factorial ddsigquires a number of
experiments equal t§ @vherek is the number of variables under stétariables can be both
guantitative and qualiive, and they are explored at two levels as in the PBacketh desigh.

From a geometrical point of view, as showrigore 3.1 a Ful Factorial design explores the
corners of a square, a cube of a hypercube, depending on the number okyvatisldesver,

it is recommended to include three to four center experiments to minimize the risk of missing a
nortlinear relationships the middle of the intervals and to determine confidence infervals.
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Figure 3.1 The experiments inFall factoriabesign (A) with two variabkesd(B) with three variablés.

A general equation for a model obtained by detveb Full Factorial desigrEiguation
3.3, whereY is the responsk the number of variables,i®the constant term,ib the coefficient
of the variables angisthe coefficient of the binary interactions

Equation 3.3 9 Ar B Ax B Acaze

Full factorial design is simple and useful, butuimder of experiments exponentially grows with

the number of factoreeg.5 factors investigated mean 32 experiments, 6 factors mean 64
experiments etc.). An option to reduce the number of experiments is to apply a Fractional Factoria
design.

3.2.2.3 Fractional Factorial design

In a Fraction Factorialesign the number of experiments is equa] to , wherek is the
number ofthe variables ang the size of the
fraction the fraction is defined e formula

- , therefore p=1 means p=2 means., p=3 *Xg

means- andso on®*3A graphical visualizatioh

a¢ designs givenby Figure 3.2 where the
number of experimenitss been reduced by hal
The figure shows how the Full Fractional sel
a limited number of experiments, withc
investigating the interactions between all

variables, while covering as much as possit /'Xz
the experimaal domain, in this case wi |
experiments having the form of a tetrahetfron X4

_Fractlon_al Factorial designs mvestlgaimy_m Figure 32. Distribution of the experiments in¥t 2
variables with a reduced number of experiments Fractional factorial design

information is gained comparedtih factorial designs,
at the price of a contamination of the main
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3.2.3Response surface designs

Response surface methodologies are the most used approaches to optimize a process al
determine an optimum: for thisrpose, it is necessary that their polynomial function contains
quadratic terméResponse surface designs, moreover, are a good way to graphically illustrate the
relation between couple of experimental variables and the r&sponse.

Theoretically, a three letied, +1, 0,-1) Full Factorial desigis the best for this purpose but,
being for thisnodel the number of experiment (N) equal tat is useless if applied to a process
including more than 3 variablésr this reason, thmost common response surface design is the
Box-Behnken, the Central Composite and the Doehlert. They are incomplete versions of a full
factorial design differing for the selection of the experimental points and fitting experimental data
to a secondegregolynomial model defined Bguation 3.4

Equation 3.4 9 ® B ww B ow B Boow -

whereY is the responsk the number of variables,i®the constant term,ibthe coefficients of
the variabledy; is the coefficient of the quadratic effegtare the coefficients of the binary
interactiongandaas the residual terth.

3.2.3.1 BoxBehnken design

The BoxBehnken design characterized by rotatabilitye,(the precision of the response
estimation is equial all directionsand it is defined as quaghogonal, being zero the covariance
among the coefficient for most terms and almost zero for the'dfFteesiumber of experiment
required is defined IBguation 35

Equation 35. 4 B F
wherek is number of factors aii is thenumber ofreplicates at theentral point

Figure 3.3shows the actual distribution of the experimental points in a design with 3 variables: the
extremepoints of the experimental domain are not exptdtdtmeans that BeBehnken design
is not totally suitable in case the optimum falls in extreme tégions.

o
-

+1

Q

+1

(o]

o ©

+1

Figure 3.3 Experimental points of a BBehnken design with 3 factdrs.
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3.2.3.2 Central Composite design

The Central composite design is characterized by rotatability and orthogonalityhend it is
most used for fitting quadratic response models.

The number of experiments required is definédjbgtion 3.6.°
Equation 36. 4 B F
wherek is number of factors ai@ is the number akeplicates at theentral point

The Central Composite design expkoreubical domain and that ittle result of the
combination betweenFactorial Desigrexploring the extreme point of the domairg aStar
Design exploring the central poiAt$2The two most common type of Central Composite design
are the Face Centered deskjgufe 3.4A and the Circumscribed Central Composite design
(Figure 34B , wher e t he 0 ar naadocorredpond th the sguiara root af the |
variables numbér*?In the latest, all points are equidistant from the center, and the domain
explored is spherical.

Both designs include (a) levéland +1 typical of a Factorial design; (b) central points, having
coordinates 0,0..0, providing an estimation of pure error and contributing to estimate the quadratic
terms; (c) star points, exploring differemnbination of the three levels0,+1 in the Face
Centered design, while including two additional levelsg n, damedixial pointswhose value

corresponds to the square root of the variables, in the Circumscribed Central Compo$ite design.
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Figure 3.4 Experimental points d3.4A a faced centered al@) a circscribed central composite design for 3 factors.
Green circles represent the star pdints.

3.2.3.3 Doehlert design

The Doehlert design satisfies the rotatability onk=f2y and it is not completely orthogonal,
although the covariance among the caaific of the model is mininial.

The number of experiments required is definédjbgtion 3.7.°
Equation 37. 4
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wherek is number of factors aii@ is the number akplicates at theentral point.
Interestingly ite number oéxperimentsismaller than for a B&ehnken design or a Central

Composite design, nevertheless the Doehlert design too contains coefficients for linear terms

interactions and quadratic teffrtélt explores an hexagonal domgigure 3.5shows thectual
distribution of the experimental points in a design with two variaigies (3.54 and three

variablesHigure 3.5B.° Figure 3.5also highlights an attractive feature of Doehlert design that
makes it versatile: it can be extended both in terms of variables and levels, adding some experime
to the already performed ones when the choice of factors or the domain i%'tinclear.

A

B
A )(3

bxz

Figure 3.5 Experimental points foB.6A) a 2 factors Doehlert design aB&B) a 3 factors Doehlert design. Pink circles

represent the startingator design, while ligblue circles are the extensiéns

3.24 Evaluation of the model

The evaluation of the modaeln be made with different approaches: residual analysis, analysis
of variance (ANOVA), cross validation ovhljdating the model with an external test'set.

Here the first approach is examined: residuals represent the difference between the
experimental and the fitted values, and the parameters considered to evaluateatteeth@eodel
explained variance and the significance of coefficients.

Explained variance. It corresponds Ro (i.e, determination coefficient of the
regression model normalized to its degree of freedom) and indicates the percentage o
data variability exptaid by the modélThe acceptable value f&rdepends on the

aim of the optimization, but wusudatal y Ve
while for biological data values > 0.7 are considered accéptable.

Predicted variance. It correspond®tand it corresponds to the fraction of the total
variation of the response that can be predicted in the model. As for the explained
variance the acceptable value depends on the naturedod thea |, val ues (
considered acceptable for chemical data, while values > 0.4 are considered sufficien
for biological datg.

Significance of coefficients. It indicates the statistically significant variables and the leve
of confidence. Avalue is associated to each coefficient: smalparaiue higher the
probability that theoefficient is significarg.(.p<0.05 corresponds to a confidence
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level of 95%p<0.01 corresponds to a confidence level of §99)01 corresponds
to a confidence level of 99.9%)

3.3 Preprocessing

The optimization of the experimental conditions is followed by the analytical experiments,
whose final step is data acquisition and then results interpretatiorerHmueove from raw
acquired data to cleaned data ready for data elaboration, the application of some preprocessii
action is often an important (or even mandatory) step.

However, the term preprocessing can be referred to two different categorianeftsreat
depending on the object: (a) signal preprocessing, typical of the technique ofeaEGreBGE
MS) and in this case mainly directed to the correct acquisition, interpretation, and alignment of the
analyses; and (b) data preprocessing, mostlyang t o correct signal sd

3.31Signal Preorocessingand Template creation
3.3.1.1Signal preprocessing

Signal preprocessing is a step with a meédiow impact on data interpretation time.
GCxGC-MS commercial software implements a basial figgprocessing package with many
functions performed automatically/semtomatically and most users usually apply the default
setting$.The most common steps of signal preprocessing are here listed and described.

Phase correctioburing the rasterization of GCxGC data is common that the initial datapoint
of eack’D chromatogram in the image corresponds to the time that the modulator released into
the 2D column and the vertical axis of the image indicates the retention timéDircttemn.
However, when the initial data point is not synchronized as desirée witdtlation cycle, the
phase correction is necessary. This operation consists in a shift of the data to align the start of ea
modulation cycle with the initial part of each image column or, whearowag phenomena
occur, the synchronization is prabdy based on the helgh time of the compound with the
shortestD retention timeto easily individuate peaks eluting during the void time of the following
modulatiort®

Baseline correctioBaseline, under controlled conditicossists primarily of the steatigte
standinecurrent baseline of the detector and unresolved complex paimtlibaseline fluctuations
are generally due to low frequency detection noises and systems fluciatéonpefature,
pressure et )t means that, in a typical GCxGC analysis, each datapoint value results from the
sum of (a) the signal due to thesgnce of the detected compound(s); (b)-aegative baseline
value present even where there is no sample compound detected; and (c) the signal due to randc
noise fluctuation$ A baseline correction is thus required since it may affect chemometric analysis
or, quantification, and has the purpose of separate analyte(s) signals from noise signals ar
baseliné?

Two general methods exist to estimate the baseline: the estimation of the baseline around eas
individual peak and the estimation of the basatiross the data comprehensively. Schmarr and
others have estimated the baseline around each datapoint by using the rolling ball algorithm, movir
a sphere across the underside of the 3D surface defined by the datapoiff Wihessthe
baseline is comprehensively estimated, instead, theatw@pproaches are: (a) curve fitting
methods, where a polynomial function is fitted to the baseline, and its contribution is consequently
subtracted from the original signalassammetric least squares (Ai8)hod; and (b) baseline
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modelling by multariate resolution methods, masltivariate curve resolutiatiernating least
squares (MGRLS) and parallel factor analysis (PARARAE)

Peak detectiorPeak detection and reconstruction is based on retention times, S/N and MS
library matches, and it is usually associated with a deconwbggjowhich aims to identify
isotopic peaks corresponding to the same compound, to remove redundant information and creat
a simplified data matfix.

l ndeed, the association of each single p
algorithm (e.gG C | m asafteate names these objects as kibhs} obviousovesegmentation
is the error defined by the detection multiple objects that should be detected as a single peak, whi
undesegmentatoours when multiple analyte peaks are detected as one single object, requiring the
unmixing or deconvolution, previously mentiéh&He creation of objects, ideally corresponding
to single peaksJ@ks the computation of important statistical features maetadasssociated
to them, as response measurement, association to unigue coordiftatesftz), measurement
of the peakwvidth, ratio of the tailing and fronting halfiths to evalda symmetry and so &n.

Analyte identificationAn important metadata associated, when possible, to the objects
composingm@analysis is analyte identification. It is automated eatgemiated in many software
and it is the result of a double channel of identification:

- ldentification by retention index (RI). Rl are used to convert retention times into
systerrindependent cotentsand they are the resoithe interpolation ad chemical
compound retentionme betweeradjacentralkanesRI were introduced by Kovats
in 1958 and they are sufficiently independent from chromatographic parameters (
column length, film thkness, diameter, inlet pressure), while dependent from the
stationary phase of the capillary columns?ukedats Rl however, is only suitable
for isothermalralyses: in 1963 it was updaterla more general form to include also
temperature programmadalyses by Van den Dool and K¥athis generalized RI
is calculated as indicate@&quation 3.8

4 4
)

Equation 3.8. L. z
| |

- ldentification through spectral data. It is possible in case of a multichannel detector
coupled to GCxGC, the most common of which is MS. In this case the identification
depends on the comparison between the analyte(s) electron ionization (El) mass
spectra with those loaded on libraries through an automatic algogtNhsT)®4*°

3.3.12 Data alignment and Template creation

Data alignment is a crucial step necessary to eliminate retention times shifts catesed by sy
fluctuations that can affect subsequent chemometric analiggisnent methods use different
approaches, the main ones aretir(@ warping and parametric timarping algorithmshat
dretch and shitachchromatogram in order to matteference chromatogrgmChr o ma T OF E
software); (b) titbased approach, based on the definition of tiles, which cut chromatograms into
subpiecesnat ched across chromat ogr #fgc) feaskdeaturesy n o \
and peak region features based alignment, where mg&d@af 4, I, MS) from each feature
are included in a template, which is the applied over all chromatograms searching for positive
matches and eventually updated following polynomial geometrical transfoi@@tions fna g e E
software§2 A detailed discussion about features used in G@A&Dvestigations, and their role
in affecting signal prepessing, is included in the revie@fmpter 41
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In particular, the straightforward concept of template matching based on pattern recognition
algorithms to align GCxGC dadgimplemented b@ C | m asofterdfe packageTemplate
matching is a powerful extension of the traditional approaches of retention time windows and
marker peaks to identify patterns of peaks in multidimensional separatioptaté tectudes
patterns of blobs.é.pbjects, corresponding to peaks) with their complete set of metadata resulting
from one or several analyzed chromatograms, and template matching algorithm establishes as me
correspondences as possible betweeninjgite template and Zigaks in the selected anaf§sis.

After matching, alnetadatre copied from the template to the analysis, conseqaléritig,
matched objects in the analysis are identified through the template.

3.3.2 Data Preprocessing

After data acquisition and signal preprocessing, data are organized in a melj;ixfoerne
column vectors (j) are called variables and/eoters (i) are called objects or samiDesa
preprocessing is an important step necessary to correct signal intensity, however it is important t
remember that each preprocessing adeitifluences the information contained in the data and
the successive elaboratiths.

Moreover, chemometric elaborations require to have a complete matrix, without missing data
or zero values. THeest way to substitute missing data is to use column means or partial column
means, while measurement below the limit of detection (@@D)many cases erroneously
reported as zeidcan be substituted with a fixed fraction of the L&BPH{alf of theLOD).!

Data preprocessing methods belong to three main categories: normalization, transformation
and scaling.

3.3.2.1 Normalization

Normalization in chromatographic analysisisaaecegs st ep t o react to
variations corresponding to a fluctuation o
the normalization on an internal stan&&nd@here samples are spiked with known quantity of a
nortnative compound. This approach is effective for targeted studies, while it is more complex for
untargeted analy$is?

Another common possibility, alternative or coupled with internal staoiaadization, is the
total area normalization. It consists in dividing the response of each peak by the total respons
measured in the chromatograms. The effectiveness of this normalization strategy, also used f
untargeted studies, depends on sangigsosition, because it assumes that each sample contains
the same number of analytes spanning the same range of concéfitrations.

A more recent approach, introduced in the last years, is the probabilistic quotient normalization
(PQN)* This methods elate the distribution of quotients to determine the most probable
normali zation factor, and it doesnot °&¥fect

3.3.2.2 Transformation

Transformations of variables asedifor different purposes: stabilize the varjiamemalize
the distribution, realize more robust motfels.

The most common transformatioms:a
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- Logarithmic transformation. It is used to linearize the behavior of variables having a
multiplicatve effect.It is defined byquation 3 9.
Equation 39. o 1Td ¢io 1T o
- Square root transformation. It is used to correct data belonging to Poisson distribution,
where variances are proportional to mean values (common for biologit#lidata).
defined byequation 3.1Q

Equation 3.1Q () W ™EIiw w -

Other common transformations are arcsine transformation, inverse transforypeibolit
tangent transformatidn

3.3.2.3 Scaling

Scaling methods are usedrtake variables comparable in terms of order of magnitude and
variancé.For this reason, they are extremely useful when successive elaborations include als
modés influenced by the variables variance (e.g., @ric@pponent analygsi$CA) and where
variables with highest variance dominate the projéétion.

The most used scaling methods are here listed.

- Mean centering It corresponds to the subtractiohtlee mean value of each
variable, namely the columns in the data matrix, from each measured variable, as
indicated ifEquation 3.11.%4519

Equation 311 () w o
After mean centering, the mean value of each variable is zero instead of the mean. It
corrects differences between high and low abundance compounds, without modifying
data variancdt is usually used together with other scaling appréaches.
- Range scaling It includes the maximum column value and the minimum column
value, scaling each variable as indicafepiation 3.2.°

Equation 312 ()

After range scaling all variables range between 0 and 1.
- Autoscaling. It is one of the most used scaling method, and it consists of a mean
centering together with the use of the standard deviation as scaling factor, as indicatec
in Equation 3.13.24%19
.

Equation 313 () o
Autoscalingesults in a mean value equal to 0 and a variance equal to 1, making all
variables hawgy the same importance in the projection.

Other common scaling methods are maximum scaling, block scaling, unit variance scaling
pareto scalindpgarithmic scalirgndlogarithmic double centeriht®
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3.4 From univariate to multivariateanethods

After data preprocessing, the data migtready to be converted into information. The simpler
methods are univariate ones, approaching one variable at a time; they are still the most used in me
cases, although they usually offer a limited information potential, if compared to multivariate
analysis.

The most common univariate methods are graphical tools, as histogranigrtagdpoint
charts etc. They are easy to understand, simple to be performed and offer an immediate
visualization. However, this short section only includes some tools teafudrasupreliminary
step and/or coupled to multivariate analysis, in particular normality #salysd of varianée
ANOVA.

34.1Normality test

The normal distribution is a basic requirement that must be verified since it is a precondition
for theapplication of many multivariate methods. Frequency distribution can be evaluated visually
by examining histograms shapes, but the basis of the most used group of normasty tests (
KolmogorovSmirnov tesjss the evaluation of the cumulative empfriequency distributiods

One of the most effective method is the Lillieforstss used to assess the fitting between
the empirical distribution and the tremal one: the null hypothesis)(i$ that, at a given
significance level, they are not significantly different, while the alternative hypgtiesea(H
the empirical distribution is not compatible with the theoretical normal distfibution.

The test consists in ordering the values of the variable to be tested and scaling them by
autoscalifgo r Student ds tr an segquattomdB.iTlen }he thearsticai n d i
probabilitydistribution is estimated for the values obtained and it is compared with the empirical
distribution, at a given significance level, to determine the acceptance of the rejection of the nul
hypothesig3!

34.2 Analysis of varianced ANOVA

Analysis of variance (ANOVA) is a statist
to verify the existence/absence of significant differences between grougs of data.

The null hypothesis (His that all data derive from the sg@wmgulation, namely there is no
significant difference between the groups considered, while the alternative hypdikeatiat (H
the data belongs to different populatid@ensequently, the Fisher ratio is calculated as the ratio
between the betweetass variance and the witlimss variance, and the resulting valued is
compared to # F critical value at a given significance*fevel.

The simplest case of ANOVA test is thevwag ANOVA, when a single variable is explored,;
however it can be applied also when the effect of two variability sourcdeehasified, in this
case is called tweay ANOVA? To note that this test is séive to the normal distribution of
data, which must be verified before running an ANOVA test.
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3.4.3 Parametriovs non-parametric tests

ANOVA belongs to the group of parametric tests, which assume underlying statistical
distribution (usually normal diktrtion) in the dat&Non-parametric tests, instead, do not rely on
any distribution and thus are also called distrifugienests2>?

Parametric and nguarametric tests are like two sides of the same coin, since parametric tests
often have nonparametric equivalents, as indicatablén3.2 which includes the most common
teds.

Table 3.2 Common parametric and rparametric tests.

Parametric tests Non-parametric test
l-sample t test 1-sample Sign;dample Wilcoxon
2-sample t test MannWhitney test

One-Way ANOVA Kruskalwa | | i s, Mo o«

In addition totheir dependence or not on a particular distribution, parametric and non
parametric tests present different characteristics and areas of application:

- Parametric tests work on group means, whilgp@@metric tests work on group
medians; the choice of tlerrect test depends on whether the center of the
distribution and the area of study are better represented by a mean or a mééian value.

- Non-parametric tests are more suitable when the sanepie s&ry small, while
parametric test can perform quite well even if the distributionm®rmoal provided
that sample size guidelines are achieseghMmple size > 20 finsample t tesgroup
size > 15 for Zample t testvhile for ANOVA each gup must be greater than 15 if
the number of groups is92 while the groups size requirement increase for an higher
number of groupsy.

- Parametric tests have a higher statistical poeeth¢ pvalue associated to a
parametric test is usually lower to that associated to the equivabemanuiric test
run on the same dataset), while-parametric tests are more robust, having fewer
limitation and a broader range of validity.

3.5 Exploratory analysis

Exploratory data analysis represents the first step for chemometric processing. They provide
without the need of a pfermulated hypothesis, an overview of the ddiaying pattern
recognition, outliers diagnosis and variable importance in describing tHe system.

The most important and common exploratory analysis are principal component analysis (PCA
and cluster analysis (CA).

3.51Principal Component Analysisd PCA

PCAGds origin is attributabl eitsfuodantehtad ideao r k
werebased on approaches named agetysis well known to physicists and mathematicians even
before the XX centud?”
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PCA is the mostsed explorative analysis technique and, broadly, the most used multivariate
analysis approatht is based on the principle that multivariate data having high variagbility (
high variance value) underline an amount of information that can basiyexplored through
a process of data reductt6hPCA works through the definition afsmall number of linearly
uncorrelated variables named principal components (PCs), able to replace all correlated origin
variables of a data matrix, thus retaining most of the information and explaining the majority of the
variation in the original $gm*3*

PCA algorithm builds, in the multidimensional space of the original data, hyperplanes that are
linear combinations of the original variables, and then describe tiptahgpethrough the
definition of PC$3 The first principal component (PC1) is built on the maximum variance
direction,preferably passing through the data centwiie he second principal component
(PC2) must be orthogonal to the first one in ordexptain the larger amount of the remaining
varianceé®* The other components and the defined likewise until the explanation of the total
variance included in the systeigure 3.6 shows the easier example, corresponding to a system
described by only two original variables.

War.2

Var2 e

|~

L

Var1 Var.1

Figure 3.6 PCs definition when the system is described by two variables.

From a mathematical point of view, given a data mxatiig-igure 3.7, whereo =1:0
representsample®bjectsalong the rows and v=1répresentsariables along the columns, the
principal components.() are calculated as linear combinaitidine original variabl@Squation
3.14).

Equation 3.4  So1=Xo01./1,1+ X0,2./21+ X0,3./31+ ...+ Xov.lv1= Xo,v.lv1 A So=Xo,v.lv.1
S02=Xo,2. b2+ Xo2. b2+ Xoz2. B2+ ...+ Xov. b2= Xov.lv2A So=Xo,v. vz

whereso1 € So2 are new vectors resulting from the product of the originakdajaagd the
relative coefficientsy, Iy
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Figure 3.7.Data matrix structugé.

Equation 3.5 is the result of the extension of this calculation to all PCs, which is also
represented iRigure 3.8

Equation 3.5 S~ Xov. Lvp
whereSy pisthecalled scores matrix gelis called loadings matrié’

A 2 o = o —_
Sop = Xov Iy |B 80,7 Xoy- C Sop=Xoy - Lyp
l\J;P o 112,1[z,1]a151]61]7.1
lV,p 1
I, g HRNSSSS
i - + Lyp |
] 11 o [ 11 1] [uafuofs3fusas]ie]s]
— | HERREEN
Xov = Xov B Xov 9P
¥ — g R ] o
|1J1‘ | ‘ | | ‘ | | | ‘ ‘LV‘ D bOJP 0,1 ‘ | | | ‘ ‘ oy o SO;P 0,1 T TT 111 oM [o.fo.2lo,50.4]0.5l0.40.7

Figure 3.8 Matrix creation foi3(84 one sample and one componeh8R) all samples and one componeénh8Q all
samples and all componéefits.

Scores, corresponding to samples (or objects or observations), are expresseakeitiite
of the original data when data are noemtred while they are dimensionless when data are
autoscaled. They are visualize@ score plot, a 2D or 3D plot containing all observations
represented within the plan defined by the selected PCsréhelat shows samples distribution,
their similarity and the eventual formation of natural grodpings.

Loadingsgeometrically speaking, correspond toaiees fthe angles between each original
variable and each componéitr this reason,hen the angle between a variable and a component
is equal to O, the loading is equal to 1 while when the angle is 180°, the loading #&;equal to
orthogonal directions (90hsteadhave loadings equal t&@.In the same watwo compounds
are positively correlated if the angle is snfalg an angle close to 180° or 90° indicates an anti
correlation or absence of correlation, respecfivelppading plot, showing the position of the
original variables in the new plane defined by PCs, indicates the correlation of each variable wit
the selected PCs and, consequently, the correlation between each variable and each sample
clusters of samples.
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Figure 3.9shows an example of score and loadings plot resulting from a data matrix composed
by 14 observations/samples and 7 variables.

A B
PC2 PC2
b A
O v, \
Ore O'_o * O \Y%
v, 4
Om. *0;; 4
» PC1 > PCl
Oy .03 Veh
O,e o O
o® v
14 >
°O,, 4
O. : vV,
3
Score plot Loading plot
(observations) (variables)

Figure 3.9 Examples of 83(9A) score plot and 8.0B) loading plot.

How to decide how many PCs must be consiti@#fkrent approaches exist, for example it
may stop after reaching a specific value of total explained vagatiwe gum of theariance
explained by each PC considered), but this value is strongly affected by the nature of the data, the
distribution and the size of the data matfiXhe most commoapproactconsists in the visual
analysisfahe scree plot, showing on thaxis the number of the components and on-theasy
the aggregate value of cumulative variability: usually PCs are considered untihtbé aaddit
PC doesndt result in a significant increase

3.5.2 Cluster Analysi$ CA

Cluster analysis methods are used to individuate, within the dataset, natural groupings o
samplesi.g, clusters) that are more similagach other than to those in other groups/clusters.

The two types of CA are hard clustering and fuzzy clustetiagdiclustering, each object
belongs to only one cluster, while in fuzzy clustering, an object can belong to one or more cluster
with a speific probability® Only hard clustering is matter of discussion of this chapter, and it
includes hierarchical cluster analysis (HCA) ardieranchical (or partial) cluster analy&is.

CA methods are based on the concept of similarity between objects and this similarity is
measured by using different types of distancesndbe common are Euclidean, Pearson,
Manhattan, Mahalanolzsiad Minkowski****Moreover, different linkage rules, used to calculate
the distance among groups, have been define
the most commoh.
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3.5.2.1 Hierarchical Cluster Analysi@ HCA

HCA includes different methods to link the objects, as single linkage, average linkage, complet
linkageWa r d 0 s etcté*tThey dan be divided in two main categories: (a) dondive
down methodsless usedyhere all observation starts in one cluster, followed by division into
smaller clusters as the hierarchy moves; doyegglomerative methods, more common, where
clustering begins with singlgject clusters and, at each step, the most similar cluster pairs are
combined until all objects are included in a single ¢RiSter.

The result of this process is prégsd in the form of a dendrogram (or tree diagram), which
allows an easy and rapid detection of clusters and similar*&3fe8tsthe example shown in
Figure 3.100bject B and E are dgddentified as the most similar, followed A and H, while the
final agglomeration involves the two main cluggisB,E,D,G,Cland[F,J,I]*

SIMILARITY

A HBEDG GO CTFIJI

Figure 3.10 Example of dendrogram resulting from an KCA.

HCA, due to its simplicity, is the most widely used clustering apgpktmebver, it wiks better

with smaller data sets, while it is not recommended for largét Moesover, its main
disadvantage is that it does not provide information about tipewufs responsible for the
resulting clusterirtyFor this reason, it is often associated to an Heatmap visualization showing the
composition of the object or to a Rbierarchical clustering.

3.5.2.2Non-hierarchical/Partitional cluster analysis

Partitional clusteringcludes methods are based on different techniques and thery are
efficient €ompared to HCA)hen applied to big data.¥et

The mosttommon partitional clustering method is timeelans clustering. This algorithm is
characterized by the following steps
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1. Random selection of the centroids, whose nutkbisrd priori decided, representing
clusters.

2. Each object of the dataset is assigned to the closer centroid by measuring its distance
between all the selected centroids.

3. The mean of each cluster is calculdédiding new centroidand the assignmest
reconsidered until the clustering do@shange anymoyat this pointhe quality of
the clustering is assesseduyimingup the variation within each cluster.

4. Points 13 are repeated with a completely new random selection of the centroids and
the comparison between the total variation withih elass provides the best
clustering°%

The algorithm is so repeated several times until the optimal set of cemroids qne
providing the lower total variation within each class) isfound.

Moreover, a method is used to set the optimal nuk)lzéicentrads (point },and it is similar
to the scree plot method used to define the number of PCs considered in a PCA. Wsually, as
increases, the average variation within each class decreases, being objects grouped in a hic
number of clusters. However, ater t ai n point, the addition o
significant decrease of the average variation within each class: this is the best valu# of k to use.

3.6 Supervisedechniques

Supervisedechniques, usually performed after exploratory analysis, are based on the
construction of a model having predictive capabilities for ne\® data.

Methods and algorithms belonging to this group of supervised techniques can be classifiec
following different criteria:

- Classificatiomsregressin models
The application of classification or regression models depends on the type of variable
thatonewansto predict, discrete or continuous respecfively

- Class modelling technigwssliscriminant classificationte@ues
Class modelling techniques works to build class(es), defined as group(s) of individuals
having one or more properties in common, described by continuous or discrete
variableg’ Class modellingdeniques define independently an enclosed class space
(sedrigure 3.11Afor each class: for this reason, they can be used both when the focus
is on one class and the ai m e.gverificatiorver i f
of food authentity) and when the aim to distinguish samples from two or more
classe¥:**Boundary position arshape are determined exclusively on the basis of the
samples of the modeled class; it means
a region in which samples are recognized as compatible with more than one class, anc
conversely, not cover a regad the global domain, resulting in a-aesignment for
some samplé$.For this reason, class modelling techniqueslsareclassified as
soft/fuzzy classification methods, assigning to each sample the probability of being part
of one or more classes or, even, leaving some samples without assignation. The mos
common class modelling techniquessafieindependent modelimd class analogy
(SIMCA andunequal dispersed clags#SEQ).3**°
Discriminant classificatioedhniques delineate a delimiter between two or more
classes. The main difference with modelling approaches is that discriminant techniques
use the contribution of samples from all of the classes considered to create delimiter(s)
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among classé&sThe result of this process is that, as indicatEajime 3.11Band

Figure 3.11Cthe different composition of one clafscts the region delimiting other
classes, while the modelling class space stay Uf\Wdezbver, in discriminant
classification techniques, also known as hard classification methods, all samples are
assigned to only one class and the entire domain is covered, thus all samples have &
assignation to a cld¥:*During time, modified discriminant strategies have been
proposed, definingmaximum allowed distance for each class centroids and excluding
samples too far, so helping the individuation of potential olitliers.

Despite their limits, because of historical and convenience reaswmsindnt
classification techniques are more common than class modelling ones. The most usec
algorithms ardinear discriminant analysis (LDA), quadratic discriminant analysis
(QDA), k-nearest neighbors-fN), classification and regression trees (CART),
Random forest (RF), artificial neural networks (ANNSs), support vector machines
(SVM) and partial least squares discriminant analysiBAP138%4°

Figure 3.11Examples of3.11A the definition of an enclosed class space by using a classification modelling approach and

(3.11Band3.11Q¢ the effect of a class composition in defining the region deliming other class(es)

Parametrigsnon-parametric classificatialgorithms

Parametric, or linear, algorithm$eiokimple interpretation of theesults,fewer
parameters to optimize and fast calculatome examples are LDA, HLAS and
SIMCA. Nonparametric, or nelinear, algorithms instead, d$i, CART, RFSVM

and ANN, are more complex but usually powerful and more accurate in the
prediction.®

Although many different algorithrage available, a commomnastgy can be applied for
classification purposes. It could be stepped as féfllows:

1.

2.

Build the training set. The training set is composed by all anabyzmed&mples used

to build the model. It is fundamental to have a training set as larger as possible, and
representative of the real composition of the entire population

Validate the model. The quality of the predictions arising from the model buié with th
training set must be validated by using and independent test set. A focus on validation
is the object o€hapter 3.5.1

Model application. Once a satisfactory model is obtained, it can be applied to unknown
new samples to make predictions.
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3.6.1 Model erformance evaluation

The performance of a class model can be evaluated through different parameters, the mos
important of which are here described.

- Sensitivitylt is defined as the fraction of samples belonging to the modeled class that
is correctly aepted by the respective mdtielis calculated followirigguation 3.1,
where TP stays for true positive, 6amplesiodeled within the correct class), and FN
stays for false negative,(samples belonging to a class, but modeled outside).
Equation 3.56."YQ¢ i Q0 "Q6—Q0 w

- Specificitylt is defined as the fraction of samplasbelonging to the mdeled class
that is correctly rejected by thepective mod&llIt is calculated followirigguation
3.77, where TN stay®r true negative.¢, samples correctly modeled outside a class),
and FP stays for false positive. 6amples not belonging to a class, but found within
its boundaries).

Equation 3.7."YR Q 0 Q' Q690
- Precision It indicates the probability that a positive decision is correct and it is
calculated followingquation 3.18.*°

Equation 3.18.0 1 Q& Qi “Qé¢

- Efficiency It is the parameter used to measure the ability of the model to avoid errors
during classificatidhA useful tool to evaluate this parameter is represented by receiver
operating curve (ROC). They are usually obtained by plotting the sensitiwisy value
the (tspecificity) value, as showirigure 3.12°°
The red dotted diagonal line from the lower left corner to the upper right corner
represents a model that provide a random assigaofrearhples, while curves that
tend towards the upper left corner indicate efficient ntddibksarea under the curve
(AUCQ) is often used as indicator of a model performance.
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Figure 3.12 Example of ROC curves (solid linesgd to evaluate the performanceftérént class model

Efficiency of models associated to the curves decreases from blue whdedem red dotted diagonal line from the
lower left corner to the uppeght corner represents a model that provide a random assignment of$amples

3.6.2 Model validation

The validation is a crucial part of data analysis, used to evaluate performances and robustne
of a moel when applied to new d&tindeed, it is necessary to avoid the overfitting: a situation
in which a model fits well on data used to build it, being vice versa unable to perform well when it
is used for predictive purposes on a new datdset.

The most common validation methods are here explained:

- Training andralidationset The optimal approach, when the number of samples is
adequate, data are divided into a training set, used tbersimpervised method, a
validation/test set, to optimize the parameters, and an independent test, to evaluate the
performance of a model and its predictive pdff*alidation set is built by selecting
a fraction corresponding to the3@% of the available samples (usuaiBp2¢) and
the selection can be random (it requires multiple runs to ensure different scenarios) or
guided (by setting a set representing of the whole population variabifify).

- Cross validation (CVIt is a very common validation strateggd as alternative for
the first one especially when the number of samples is not Sahigéplits theN
rows of a data matrix.€, samples) intaC cancellation groups following a
predetermined scheme, and the model is comptiteds, using each time one of the
cancellation groups as test set and the remaining samples as tfaifimgraghber
of cancellation grougisis usually between 4 and 8, but it can theoreticallyrange
2 to N. In this latest case CV correspond to a-tesee@ut validation.
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- Leaveoneout It is the extreme case of a CV, where the dataset is divided into as many
cancellation groups as the samples nufhbeaveoneout validation is usually
charaterized by optimistic results, with an over estimation of the predictive power of
the supervised modé&#?

Other types of validation commonly used are the double CV or nested CV, and the bootstrap
method!®*°

3.6.3 Linear Discriminant Analysid LDA

Linear discriminant analysis (LDA) is the first multivariate classification technique, introduced
by Fishein 1936°LDA is a linear discriminative classification technique that searches for a linear
delimiter between classes of objects and use it to assign uskm@les to a claddsDA can be
used when more than two classes have to be discriminated and can be only applied when tr
number of samples is larger than the number of measured combaoatieer limitation to the
applicéion of LDA, in addition to the requirement of a normal distribusi@hat LDA considers
that all classes have saenedispersion, so the variarowariance matr°For this reason, when
groups have differemairiance structurgsis more appropriate to use Horear method.

The classification can be expressed both in the Bayesian form, based on the probability that a
objects belong to the probability density distribution of a class, and using Mahalanoki$ distance.
The Mahalanobis distance is calculated for all sampleddediveicters, and samples are assigned
to the lowest class distafdéne delimiter between two classes, instead, is created by connecting
the intersection points of each couple of corresponding class ellipses, havingreguory ecd
axis orientation, with a straight fihe.

3.6.4K-Nearest Neighbord k-NN

K-NN is a nomparametric discriminant classification technique, and it is one of the simplest
approaches for classificatidhis a distanebased method and the algorithm works by calculating
the distance of an unknown compounds to all members of the traififid\isétis point, a
numberk is chosen, and the unknown abje assigned to the class better represented among the
closek known objectélt is useful to perforrk-NN analysis using different valuek, afearcimg
for the model able to provide the best perfornfaimcsome cases, it is possible that, for objects
close to the delimiter, the assignation of an unknown compound could change with & different
selection, as shownkigure 3.13 In this case the assignation of the unknown object is blue if
value is 3Figure 3.13Aand green K value is 5Higure 3.13B.
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Unknown

Figure 3.13Different assignation of an unknosamplavhenk value is 33 13A or 5 38.13B

Distance is usually calculated by using Euclidean distance, Mahalaaobis distance can
be used k-NN works well in a lot of situation, it is slmpery efficientn describing complex
nonlinear boundaries between the greupie it not considers the variance in the cldsées.
However it is influenced by the numeyost the classes, that should be approximately equal to
avoid a bias towards the classes highly represemdedging a distandeased method, it is
sensitive t@ventuascaling promlures appliednd to theneasurement unft**

3.6.5 Classification And Regression Tre2CART

CART is a method proposed by Breiman in %84 it is a noparametric discriminant
classification method not requiring nor a nodisatibution of data neither the equality of the
within-class varian¢e€The outcome of the CART is represent by a tree, built by dividing samples
from a parent node into two child nodes by following a rule base on one cothipacdinahode
represents a single compounds and branches arise from a binary answen{iabsprésor a
multrinterval answer (i.e., depending on different levels of abundance of a compound in the
different classes).

Figure 3.14shows the simpler example of a CART: a binary tree where objects are assigned tc
class 1 or 4.6, G and G) depending on the value of variakleendx.. Here each node uses a
different compounds but, in more complex problems resulting in brarebgdtiie same
compound may appear more than dhce.
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Figure 3.14A decision tree built for a binary classification profsle

CART has many advantages: it is a simple method, where each step is characterized by or
one variable, it is robust to outliers presence andtta output also provides a selection of the
most important variables in the discrimination pré&msversely, this method is characterized
by a strong tendency of overfitting restilts.

To address this drawback, the random forest (RF) method was proposed by Breirffan in 2001
RF builds a large collection of uncorrelated trees resulting from a random selection of subsets c
the original sampl&RF is an approach more robust than CART, especially when the number of
variables is much larger than the number of ssifhpl

3.6.6 Soft Independent Modeling of Class Analog\5IMCA

SIMCAIs the first class modeling technique introduced into chemometrics by Svante Wold in
19771t is a norparametric and neprobabilistic distandesed method, where each class of the
training set is modeled independently and, being a soft modeling approach, each object coul
belong to multipléor no one) classes simultanedtisfy.

SIMCA models are based the PCs, by definition the directions of maximum variaace in
multivariate data space, of a PCA performed using only the samples of the categdid/Studied.
Then it is evaluated the number of significant PCs through a CV, and this number defines the so
called MCA inner space that could correspdndsrectangle (two PCs)parallelepiped (three
PCs) onto hyperparallelepipedsn(case ofnore than three PCE8Y°Finally, residualsd, the
distances between each sample and the model) are evaluated in the full dimensional space, incluc
also the so called SIMCA outer space, defined ksigmficat PCs® The distance from sample
s to class C £g) is calculated as indicate&quation 3.1, where ID is the dista@in the score
inner space and OD is the distance from the class¥hodel.

Equation 3.0.Qj, 0Q 00

The critical value of this distance, determining acceptation/rejection of a newsdeafjled
by a critical value of Fisher statistics at a predetermined confidefice level.
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SIMCA defines an enclosed space for each class, and a common method to visualize the resu
of SIMCA classification is represented by Coomans plmsré 3.15. In these plots the
coordinates of each object correspond to the ratio of their distances from the two classes (in the
simplest case) to the critical distance corresponding to the boundahy aissaovhich are
represented by the two straight lines parallel t8° &tes plot area is divided in four section,
respectively containing: samples accepted by(dpgsrleft rectanglsgpmples aepted bglass
2 (lower right rectanglesamples accepted by both of the models (lower left spudsamples
rejected by both of the models (upper right sgiiare).

f‘l
b
3.

mnx”
nil.
:t.: .*.lﬁ . . B
an/f= "

Figure 3.15 Example of Coomansopl

SIMCA algorithm can be also used as alternative discriminant classification technique, b
calculating the delimiter (usually-hioear) as the locus of points having the same distance from
the models of the two clas&es.

3.6.7 Regression methods

As for classification methods, regression methods are used for prediction, but their difference
is about the type ofariable that they predict: while classification algorithm are used to predict
discrete values/label/classes, regression methods are about predicting continuous values ar
quantities.

A conventional regression problem, in $eofmmatrices, includes apfedictor matrix and a
Yk response matrix, where K is equal to the number of ¢tassestionally this modelling of Y
is done using multiple linear regression (MLR) based on Ordinary Least Squares (OLS). The lea
squares solution it is calculatgddiowingEquation 3.20, where bsthe column vector of the
regression coefficient, X the independent variable array for the calibration set olyjéstfeand
vectorcontainindhe reference responses for the same abjects

Equation 3200 & OO a&d
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MLR works well until Xariables are fewer than the number of sampleseanalyd
sufficiently uncorrelaté®However, when X contains variables resulting from multidimensional
analytical (MDA) platforms;variables are usually a lot and often strongly corfelgtedially in
the case of continue analytical signals used as predictor vartables

To address this limitatimegression techniguessed on latemtiriables (LVs) thegduce the
space of the original predictors to a limited number of orthogonal compeasnistroduced.
They ard’rincipal Component Regression (PCR) and Partial Least Squares (PLS) regression

3.6.7.1Principal Component Regressin d PCR

PCR satisfies the requirement for the number of objects higher than the number of predictors
by using PCs as LVs: the matrix of predictors X is projected into the space defined by PCs and th
significant PCs are selecéddus, although not all the original information is considered, the
information contained in the system isd@formed, being PCs a linear combination of the original
predictors. This transformation results in a reduction in the number of predictors, moreover the
new variables are orthogonal to each other and therefarerrelated.

PCR is a technique very efficient in many cases homavakyays the directions which
explain the highest variance amount are the most important in predicting a responsEarariable
this reason a refined approach was then introduced and it is the PLS regression.

36.7.2 Partial Least Square regressio® PLS and Partial Least Square Discriminant
Analysisd PLS-DA

PLS is the mosimportant regression method, and although historically it was proposed to
handle continuous variables it can be adapted to solve classification tagks,dayegorical
output variable$:*In this case it is nam®artial Least Square Discriminant Angly&iSDA).

PLS is based on PCs as PCRibstiead of maximizing variance in the dasdatusel on
capturing most of the informarti in the dateelated t@ response/class vectaritya linear wédy.
Thus, the first LV ishe direction characieed bythe maximum covariance with the selected
response variable. The information related to the first LV is then subtracted from both the original
predictors and the response, and the second LV, orthogonal to the first one, is the direction of
maximuncovariance between the residuals of the predictors and the residuals of the response. Thi
approach continues for the subsequenfLVs.

A modification of PLS is OrthogofRLS (GPLS) It is based oaplitting the overall variation
in the data into response predictieel{nearly related to the class/response vector) and orthogonal
(i.e.uncorrelated to the response). The main beneftRifSis the simpler interpretation of the
model, being relant information captured by the first LV, winildevant information is directly
filtered out. However, it is important to specify th&tl@ and PLS have comparable prediction
power®

Results of a PLS can be graphically visualized on a score plot, while variable importance can |
obtained from the regression coefficidbifferent approaches are available to select relevant
variables, howev¥ariables Importance in the Projection §/#ore is probably the most used.

This score, usually represented in form of bar égutré 3.1 is a summagf the importance
of each variable in the model.
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VIP (Variable Importance for the Project) plot

Usually variables with VIP score (N stano
among them,igher the VIP score higher the importance of the vafiable.
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411 Abstract

This contribution reviews staitethe approaches for chromatographic fingerprinting of 2D
peak patterns. Concept s o ftabbshethm imetdbslomics, arey e r |
conceptually translated to comprehensivedimensional chromatography (C2DC) separations
embracing the principles of biometric fingerprinting.

Approaches founded on this princhrleferred to ashromatographic fingjagpare described
and discussed for their information potential and limitations for providing a higher level of
information about sample composition. The different type of feardatapoint, region, peak,
and peakegion) are discussed andgimsi on processing tools and advances in the development
of new algorithms are provided. Selected examples cover the most relevant application fields c
GCxGC. Challenging scenarios with severe chromatographic misalignment, parallel detection, an
translabn of methods from thermal to differenflaiv modulated GEGC are also considered
for their relevance in specific applications. Machine learning/chemometrics tools are briefly
introduced, highlighting their fundamental role in supporting fingerpnotkftpws.

Key words

chromatographic fingerprinting; comprehensive-dimensional gas chromatography;
multidimensional analytical platforms; peak featuresregeak features; machine learning;
chemometrics; profiling ¥ggerprinting; fingerprinting workflows; GCxGC data processing

Page [117



412 Introduction

The terms 'profiling' and ‘fingerprinting' have been adopted for metabidltomiefer to
distinct analytical approaches capable of informing about compositional differences betweer
samples. For profiling, analytical platforms are set to provide detailed information (retention, mas:
spectrum, detector response, etc.) alitgtive and/or quantitative distributions of samples'
components. Profiling can be conducted on a targetedlibasilytes of interest are defimed
prioriand monitored across samples. However, if the analytical process is capable of generating
individual yet distinctive features for all components, the process can be conceptually extende
toward a comprehensive evaluation of all detected constituents and referred tgeteduntar
profiling"** Fingerprinting, as defined by Fighs a higkthroughput process capable of
unravelling compositional differences between samples, not necessarily achieving accural
guantitative data or compound identifications for all individual constituents. A fingerprint provides
a comprehensive set of features ideally corresponding to alalchenstituents and aims to
extract the noevident chemical information included in the whole signal acquired from an
analytical instrumental technique. This information mining process is carried out by application of
statisticaimathematic tools of chemetric multivariate analysis. Note that chemometrics does not
work magic. The information of concern to be mined must be previously embedded in the analytica
signal, even if it is hidden to an observer, and the analytical methods to obtain thattdignal mus
specifically designed and optimized keeping this crucial fact in mind.

Fingerprinting methodology can be effectively performed by different approaches:

1. The fingerprint is directly obtained from the sample in its natural state withoutraagnprat
except, if applicable, dissolution.

2. The fingerprint is recorded from a particular fraction or family of compounds after a separation
or fractionation step. Thus, the fingerprints would be specific of a compoundefgrttily (
volatile orgasicompounds).

3. The fingerprint is obtained after a chemical reactioreggeje(ivatization), so that there is an
alteration of the initial chemical composition of the sample and new compounds are produced
(e.g the fatty acids methyl esters).

A sample's fingerprint can be considered as a totally unspecific signal when the first approach
applied and a partially specific signal when the second and third approaches are employed.

In this sense, signals from spectroscopic techniques fit wethisvittefinition; and nuclear
magnetic resonance (NMR), chromatography, mass spectrometry (MS), and Fourier transforn
infrared spectroscopy (FR) spectra are in fact the most popular fingerprinting methods in
metabolomic$ Fingerprinting and related concepts have been extended to othee.§elds,
foodomics sensomic’’ nutrimetabolomic¥ and petroleomics$ With the rapid evolution of
analytical techniques, more stable and informative multidimensional platforms now are readily
available, offering further possibilities to develop the concept of fingerprinting.

4.1.2.1Nomenclature for working data in the aea of chemical fingerprinting

Regarding analytical signals recorded by each analytical technique, there is a prope
nomenclature for the different working diathased on the instrumental signatls different
measuring setups, namely with different detection systems. In order to fully understand and tc
extract the relevant information of a signal, it is important to define and clarify the meaning of the
terms usually employed during the stepeafrtrent of datalimensiomayordewvectpmatrixcube
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tens@ndarrayThe termslimensiamayandorderefer to the type of signal acquired by the analytical
instrument. Each analytical signal is described by dimeainsian waythat is redted with the

signal intensity and one or more complemeditagnsiomswaysvhich characterize the position
scores of each intensity value into the signal. The number of complementary dimensions define
the dateorderA conventional chromatograeig.1D GGFID) is an instance oftavavaysignal
(retention times and detector intensities) and constifustsrdetdata. Note that in the particular

case of signals defined by two chromatographic dimensions with two retention times, the term 2C
chromatogram is then applied which in turntivegvaysignal. The term&ctor, mataimdcubare

usually employed to name a mathematical layout where the working data are arranged once t
acquired signal is exported from the instrument. For exanguitegianotes éirstordedata fwe
waysignal), anatrixcontaining aecoratdedata thregvaysignal), and eubé used fothirdorder

data. The terrtensas used to name collectively all of these. Finally, thartessmould refer to

a stucture consisting of a settefsonscluding the working data from a group of samples. Every
arrajhas an additional dimensioe, the number of samples, with regard to the dimensionality of
each sample data.

Usually the raw chromatographic signal exported from the instrument consists of several
thousand intensity values and could be used as a whole to apply fingerprinting,. tHeweve
number of elements may be reduced by applying mathematical neethoelsafnpling) or
scientifietechnical operations.§.computing peak areas). This strategy is typical of profiling. The
reduction of the number of elements may reduce thesianalitye.g.obtaining a peaksponse
vector f{irstordedata) from a 2D chromatograse¢omidedata), although this is not always
applicable. A tutorial on analytical chromatographic fingerprinting is provided byetafdros

4.12.2 Conceptual translation to 2D patterns fingerprinting

Most multidimensional analytical (MDA) platforms, provide plyysoaical discrimination
of a sample's constituentschyomatographic processeg.gas chromatography (GC) and liquid
chromatography (LC), accompanied by spectroscopic proegsddS, to achieve suitable
specificity and selectivity thereby expanding discrimination potentials. When chromatography i
conducted by comprehensively coupling two separation dimensions, as in the case of
comprehensive twdimensional chromatography (C2DC), the analytical output requires suitable
processing to enable data visualization and interpretation.

In particular, in €DC €.9.GCxGC, LCXLC, or SFCxSFC), two columns are serially
connected and components eluting from thedinsénsion'D) column are periodically trapped
and online reinjected into a secomtimension ?D) column. In GCxGC, this operation is
governedy a modulatoe.g.a thermal or valdeased focusing interface with a brief modulation
time-period Pyv), typically between 0.5 to 8 s. The detector, connected to the edd obthmn,
produces sequential data values that vary as a function afity¥&deutity and amount of eluting
analytes. An anaklogrdigital (A/D) converter collects the signal output at a certain frequency and
in a sequential order. Tadonensional chromatogram visualization therefore is rendered by
arranging data values frangle modulation period (or cycle) as a column of pixels (picture
elements) where each pixel corresponds to a single detector event. This process is known
rasterizatidPixel columns are sequenced along the abscessa, (Méfto-right) accordingot'D
separation time and 2D data is presented in dagtéed Cartesian coordinate system, where the
ordinate (Yaxis, bottorrto-top) corresponds to thB separation elapsed tifhe

2D peak patterns generated by C2DC can be treated as sample's unique fingerprint wit
detected compounds providm@utiakeatures to be used for effective comsaparative analysis.
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The term minutiae derives from fingerprint recognition technology, exploited in forensic
applications, where the term corresponds to ridge endings and ridge bifurcations on fingertips
Automatc biometric fingerprint verification systems localize and extract a set of minutiae from

inked impressions, or detailed images of human fingertips, fonatcsieig with stored templates
13

By translating the concept of biometric fingerprinting into C2DC, any process that detects, re
aligns, and compares miaatifeatures extracted from 2D peaks patterns across a series of 2D
chromatograms, can be classified as fingerprinting. Moreover, because, at the processing level, |
2D chromatographic fingerprimdhtains unspecific agnaemt information whitthlshextracted by
chemometric"tdslsch an approach can be deemed "chromatographic fingerprinting”. This is in
keeping with established views that chromatogfeqg@prints refertd the entire chromatogram from
a certain test material which is distinctive of itsandntipasitimomatograms provide a specific and
di fferentiating tool, as an iidéndifya dertayn métaial d ,
Figure 4.11illustrates how chromatographic signals can be processed according to fingerprinting
or profiling principles to achieve ghhievel of information. The types of features available will be
introduced afection4.1.4

( C2DC RAW SIGNALS ]
1 1 1
[ Data point features ] [ Region features ] [ Peak featu res ] [ Peak-Region featu res ]

l l ‘, l

[ Fingerprinting ]

data reduction l
v

( ~ Profiling

L J

CHEMOMETRIC S
(pattern recognition)

L J L 4
[ Peak profiles ] [ Sample profiles ]

v

‘.:[ HIGHER LEVEL OF INFORMATION ]:

Figure 411 Types of features for C2DC data processing according to fingerprinting and/or profiling methodologies. Adapted
from Ref¢

In this review, by following this concepttedk, data processing approaches and workflows
that comply with the abowveentioned definition are presented, illustrated by selected applications,
and critically discussed in view of their capabilities to provide higher levels of information. If 2D
chromatographic signglsogether with all their metadata, informing about components' identity
and physicehemical characteristics (retention times, detector respensal sgnatures, etc.),
are subjected to chromatographic fingerprinting, the overall process achieves a truly comprehensi
meaning.
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413 Analytical platforms, dimensions of information available and
fingerprinting specificity.

To maximize the inforrtian achievable by 2D chromatographic fingerprinting, the analytical
platform must be appropriately configured and sample preparation, "thtiraension of the
systent* should be tuned to avoid biases that compromise investigational meanings. Moreover, a:
stated by Fielfto access hidden information in metabolomics, fingerprinting should take into
consideration thalhe resolution aditlagytical devices must be high enough to handle €ritical informat

For GCxGC, the separation power, a system characteristic that relates to separation efficienc
and resolution, is the product of two separation dimensions and operating in optiahizeoisc
can be very close to its theoretical lHiThis separation power improvement produces detailed
2D chromatographic fingerprints whereekudion issues and hidden analytes are relativelg.limit
Based on sample's dimension&litgompositional complexity, and componentstarration
dynamic range, the choice of the columns' configuragioro(umns' dimensions and stationary
phases) is a key aspect. In petroleomics, samples’ compositional characteristics enable ratio
ordering of chemical classes and homologous @egiethe chromatographic spéée

Figure 4.12A shows the image of a diesel fuel analyzed by an>agelawpolar column
combination producing a high peak capddityis study was conducted ofbacolumn BPX1
(60 m T 0.25 mm T °DcolumnBP¥p)0 c(o3mbm nie dO .tlo mam T
thermal modulation by qut dualstage modulator (LECO Corit. Joseph MI, USA).
Chemical classes and groups show relative retentions that follow the discrimination principles o
the two dimensionstAlkanes have the lowest retention alongDthevhile 'D separation is
according to car bo nctiom providedr by BFEG with 30063phenyh t e r
substitution, provides separation for unsaturated compounds and, within them, an increasinc
relative retention based on the presence of multiple aromatic rings. To achieesalutigh
2D pattern, a long 2D konn was used, with an independent temperature program to avoid pattern
distortion €.g.wraparound phenomena).

In this exampl& detection was by tirwd-flight MS (TOFMS) operated at nominal mass
resolution and 200 Hz acquisition frequency. -bhdtinel detectiore.g. by MS, Vacuum
Ultraviolet (VUV) analyser, or diode array detection (DAD), provides an additional dimension to
the data matrix and superiosalimination to make 2D chromatographic fingerprinting more
specific. The specificity relies on the possibility to actively use, for example, MS information for 2D
patterns exploration or to open for further data visualization opportunities with sémipting.
particular, by Visual Basic Scripting (VB@&) the fragmentation pattern obtained by electron
ionization (EIl) at 70 eV, rules were derived to enable selgstiglization of compounds and
compound classes. The application of scripting based on common fragmentations of
monoaromatics, enables selective visualizkigurg 4.12B) of alkylated benzenes from the
samples whose complete detectable pattern ven simFigure 4.12A. Scripting tools,
implemented in most of the commercial software for C2DC, are of help in various application
fields,e.g.food®?*and environmental applicatichs
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Figure 41.2. Complete2D chromatogran¥(12A) of a common diesel fuel. Internal standards are named, while colours indicate
different chemical classes and groupsLl2B the application of the script base on common fragmentation of aromatics,
enabling the selective visualization of alkylatedri@enizy carbon number. The column set was: 1D columh @RXn x 0.25
mm T 0.25 OQm) abhd B molutnlBmMX T 0.1 ¢getduakstagemedulai@.] modul
Primary oven program: 60 °C to 220 °C, at 2.0 °C/min; secondaryagramp60 °C to 140°C at 2.0 °C/min, and34yC
at 2.4 °C/min. PM 6s, 0.6 s Het. From Jennerwein et&l.

Singlechannel detectomrs.g flame ionization detector (FID), electron capture detector (ECD),
sulphur chemiluminescence detector (SCigyiolet (UV) detector, etc., produce single values
for each time sample, a fiostler data. In this case, fingerprinting specificity is somewhat limited
but chromatographic efficacy and separation pattern logic may support particular applications. T¢
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approach a detailed analysis of hydrocarbons in middle distillates type light cycle oil (LCO), Semar
et af® optimized the column sep in a diffeentiaflow modulated (FM) platform with FID
detection. The application needs suitable resolution and efficiency that provides coherent chemic
groupsd patterns |l ogic. Th esca@)wft5iidand filladbés e v e
of the aailable separation space. The resulting method was suitabletfioobigtput screening

and qualification of LCO in a cryogese GG GC platform.

Thermal modulation (TM) achieves beochpression in space, which improves method
sensitivity by one ordef magnitude over conventional 1D .&Chis characteristic opens the
possibility to acquire data with parallel detectors without compromising method information
potential. MS and FID are the most commpalyed detectors; they can be connected with a 2D
column possplitting devicéor directly to tweparallel second dimension colufifsvith some
advantages on separation perémces. 2D patterns generated by parallel detectors can be explored
by various chromatographic fingerprinting approaches @sction 4.1.4 although their
alignment is sometimes challenging due to the different operative pressures of the detector
(vawium for MSvsambient pressure for FID). However, the complementary nature of these two
detectors offer further possibilities to extend quantitation by response factéré*(&H)
predicted RE?°

Novel MS technologies providing variable energy electron ionizaspnTgndem
| oni z ¥ byirapidiEswitching between twosetected energies, offer intriguing possibilities
to explore chromatographic fingerprints from tantf&mDetails of chromatographic
fingerprinting from parallel detector and tandem signals are proBdetidn4.1.6

By configuring the analytical platform, the analyst can optimize and tune chromatographic
fingerprint information potentialek aspects are: system geometry, and resulting separation
power* system orthogonalit§®® and resulting logic of the separation patterns; and detection
options, and resulting specificity. What follows the analytical proeeasfjlésition,e, data
processing, should extract and treat features in a way to achieve a high level of information
discrimination, classification, prediction, and information about compdsition

4.1.4 Data processing principles and tools

Here, our discussion of data processing focuses on feature extraction for pattern recognitior
(PR), but these daamalysis steps may require preprocessing such as for rasterization, modulation
phase adjustment, baseline correatention timalignmeth and peak detection. Some recent
developments in these areas are discussed here as they relate to feature extraction and analysis
several reviews discuss methodologies in these areas more compr&i&sively

Reichenbachkt af® described five types of C2DC features for @asple analyses: visual
images, datapoints, peaks, regions, andqggaks. Visual images present chromatograms using
various methods such as psecalorization and thredimensional projectisn Datapoint
analyses treat each datapoint as a featurebadBedkapproaches attempt to separately integrate
multiple datapoints induced by each individual analyte. Regional features aggregate datapoints
separate regions of the tdimmensional chromagraphic plane. Peedgion methods attempt to
define a region for each individual anaBgetions4.1.41-4.1.44 discuss the four quantitative
approaches to C2DC featuries, @ll except visual images).

After corresponding features are establishessathromatograms, PR and machine learning
(ML) methods can be used for various esasgple problems, including classification, chemical
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fingerprinting, trend monitoring, unsupervised clustering, and chemical marker @sctioery.
4.16 introduces soe of the PR and ML methods that have been used for C2DC analyses.

4.1.4.1 Datapoint features

One of the earliest approach for comparing C2DC chromatograms used the datapoints
themselves as separate feat@rgs:FID intensities with Fisherfsratio (RR) and principal
components analysis (PC%9nd, later, MS spectritwPCA for selected chanrietéand with
pointwise summeltratios across MS spectral charth#is2015, Piercet alsurveyed pixégvel
GCxGC data analyses, including fingerprinting aitl PR

Datapoint features are comprehensive of untargeted analytes and provide the highest precisic
for chromatographic fingerprints, but: (a) there are many duplicative features per.eanalyte (
multiple spectra panalyte), which results in greater computational complexity, reteh¢mn
timevariations confound feature matching between chromatograms. Various methods for aligning
chromatograms have been proposed, but none guarantee accuracy to withinta datapoi

4.14.2 Region features

Marneyet af* used small rectangular tiles to generate features, summing multiple datapoints to
reduce the number of features and diminish adverse effects of chromatographic misalignment
Results indicated that this approach enhanced PR of truegasitiveduced the likelihood of
false positives compared to datapoint features. Although this approach requires less computatio
and is less susceptible to chromatographic misalignment, it is not fully seje¢beve,may be
multiple analytes peletand analyte peaks may be split across tiles. Still, informative patterns may
be recognizable in such tiles if discriminative analytes are not dominated by other analytes in tf
tiles. Regions features are-suglied for groupype investigations in wh there is a region for
each chemical group and the total response for analytes eluting within each region is computed al
adopted for classification and qualification. This is a popular approach for petféf€omics

4.14.3 Peak features

Peak featurese, summed data for each analyte peak with associated metadata, aim to profile
asapl eds c on s-tonpganatven analyses g meak features require matching peak
features across multiple chromatograms. For targeted analyses, this approach requires detection
the peak for each target analyte, using its known charactaresicis,ahromatogram. Then, the
peaks for each target analyte are explicitly matched across chromatograms by the target nan
Untargeted crossomparative analyses with peak features are more difficult because there is no
explicit matching of peaks acrossomatograms. So, before performing erosgoarisons of
untargeted analytes using peak features, the software must match unidentified (or putativel
identified) peaks across chromatogranasprocess usually referred to as peak matching or peak
tracking.

Ideally, untargeted peak matching results in a list of all analytes in each chromatogram, but i
practice the results tend to be incomplete and/orgmoe for large sets of chromatograms with
many detected peaks. Ambiguities arise from variati@tenition timeand spectral signatures
across chromatograms and among multiple analytes with simitefytaingpretention times and
similar spectral signatures, especially if some of those analytes are not detected in son
chromatograms. For cressmparisons of many complex chromatograms, matching invariably
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results in unmatched and mismatched peaks. Because of these challenges, the matching proc
typically yields a list of matched peaks that is not comprehensive of all peaks in all chromatogran
and therefore of all analytes. However, many automated methods have been proposed anc
demonstrated and this approach in LECO's Statistical Compare (SC) software (LECO Corp., St
Joseph MI, USA) is used widely.

Crossmatched peak lists profile each samplaeggect to the same analytes. However, with
reference to the previous definitions, these profiles provide only partial fingerprints if some peaks
are discarded in the matching process. The ultimate goal of research aimed at improving peeé
matching (some avhich is surveyed below) is to produce more accurate and complete profiles and
fingerprints.

Our previous literature review of C2DC peak features for comparative ‘dntdgsitbed
early work from 1999 through early 2011. More recethidy, reviews covering methods with
comparative peak features include those by BieafeSeeley and Seeteghin and Marrioft
Tranchidaet al** Reaseet al*® and Berrieet af®

Since 2011, Almstetter at’ developed eetention timecorrection and data alignment tool,
Integrative Normalization and Comparative Analysis (INCA), and compared it to SC, noting
advantages and disadvantages of eaclCastilloet at® developed the GUINEU software for
GCxGC data, including a tool for constmgtsequential "paths" containing matching peaks in
successive chromatograms.

The research group of Xiang Zhang at the University of Louisville has published several paper
on peak matchinglim et af? proposed a similarity measure computed as a mixture of the peak
distance and the spectra similarity and impleinpetk alignment algorithms in a software
package named mSPA. Subsequently, Kim andZmalpigshed a comparative analysis of MS
similarity measures on peak alignment.efaft also developed peak alignment algorithms using
SmithWaterman (SW) locaignmertt and, in experiments with two experimental mixtures each
analysed with varying chromatographic conditions, tHea$S\ method oyerformed the
DISCO algorithn¥® Wanget af* developed DISCO2 twnprove upon the DISCO algorithm.
DISCO2 has two stages: full alignment, to find peaks present in all chromatograms, and partia
alignment, to align the remaining peaks. Jeoakj developed a modeased peak gliment
method using different distance and MS similarity measure®t \Afi developed the
Metabolomics Profilingigeline (MetPP) that performs pdiakalignment in the two steps, full
alignment and partial alignment (as in DISCOZ2). MetPP results improved on LECO's SC and
compared favourably to DISCO and GUINEU.

Denget af’ developed four variations of a point matching algorithm but did not compare their
performance with other methods. Hoffmaen af® developed bidirectional béit peak
assignment and clique extension for 2D chromatograms (BIPACE 2D) to match peaks across
large number of chromatograms based on comparing peak mass spetérgiandimes. Their
results indicated that BIPACE 2D outperformed mSPA, SW, and GUINEU for precision, recall,
and F1 on data sets acquired under homogeneous conditions but lagged mSPA and GUINEU fol
data sets acquired with heterogeneous temperatusen®otl is the product of precision and
recall divided by their average.) B¢ai® developed a woiflow to improve SC with filters for
peakpicking and alignment. Egettal’ developed an alignment strategy caljedr&Dance, but
did not present comparative results with other methods. Bztralirdeveloped two variants of
an FID peak tracking method that ranks candidates based on Bayesizs) Biatket al?
devebped an algorithm for peak tracking between pairs of LCxLC chromatogramt Eitaley
developed a method to improve the output of SC byppostssing. Let al? developed four

Page |125



variations of a global peak alignment algorithm based on coherent peak drift andrpsesisnted
in which CPD achieved better F1 scores than mSPA, SW, and BiPACE 2D.

4.1.4.4Peakregion features

Peakregion features combine the ideas of regions and peaks by attempting to define one regiol
in the 2Dretention timglane for each analyte peak. fPegions seek to achieve -beatureto-
oneanalyte selectivity, as do peak features, but with imgliciiing of the same peaakgion
across multiple chromatograms, which peak features do not provide. Due to the intrinsic properties
of peakregions, the process of thekatgnment across chromatograms provides comprehensive
chromatographitingerprintng.

Reichenbackt al®” and Schmaret al®’°described similar pesdgion approaches. After
preprocesmg, the source chromatograms are aligned then congmsanply by addition or
other fusion operatioffsto form a single composite chromatogram that ceesppieaks for all
analytes in all samples. Then, a region for each peak detected in the composite chromatogram
recorded in deature templ&i@ally, each source chromatogramnayzedy geometrically
remapping the feature template back to eactesthromatogram.

Ideally, peakegion features are comprehensively selective, accounting for each and every
analyte, and feature matching is implicitly performed by mapping each region of the template tc
each chromatogram. In practiceeldions andariable retention times complicate the definition
and application of pea&gions, just as they do for pbaked features. For MS dataglotions
within a peakegion can be addressed with quantitative ions in some cases, but deconvolution
(which can bmcorporated into peak features) is required feluted analytes with similar spectral
signatures. Variationsr@iention timare addressed by geometric transformationsritéinéon
time plane, as described below. Reglons are supported by G@age GCxGC and LCxLC
software (GC | mage, LLC, Lincoln NE, USA) i
features for target compounds and other reliably matched peaks.

Chromatograms must be aligned to construct a composite chromatogram frothewhich
feature template iextracted,and the feature template must be realigned to analyse each
chromatogram. (Note that the transform to align a chromatogram for compositing can be inverted
to map the composite feature template back to that chromatdgrana3k of chromatographic
alignment for peategion features is related to the problem of peak matching for peak features; in
fact, the most common approach to chromatographic alignment is to parameterize a transformatior
model using a set of matchedksea

Early work on GCxGC retentiotime variatiorf$ found that simple global, affine
transformation model can largely accountetention timevariability, but subsequent work has
explored rare powerful methods. Gres aF? developed a method that uses piecewise linear
interpolation/extrapolation for the first dimension and Sibson ragigébor interpolatiof? for
the second dimension. On three data setsirtatiod generally outperformed methods proposed
by Pierceet at! and Zhanget at®> De Boer and Lankelfiaeveloped Curfit2D, an extension of
semiparametric warpifigo two-dimensions, but did not present comparative results with other
methods. Reichenbaehat® demonstrated that global, ldegree polynomial transforms could
effectively align GCx2GC chromatograms (with dual second columns for FID and MS detectors).
Rempeet af? presented results for global, dd&gree polynomial aligant transformations
indicating that performance was highly dependent on the size of the fpatotsrsget and that
with enough alignment points they can outperform Gros' method.eZadhextended Gros'
method to highresolution MS data. Coupti€017 developed an alignment method called
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BARCHAN that uses a naigid transformation in the first dimension and a rigid transformation
in the second dimension. For one of the two data sets arBAREHAN outperformed rigid
transforms in both dimensions.

415 Applications of chromatographic fingerprinting based on various
features
4.1.5.1 Chromatographic fingerprinting Visual images and dtapointsfeatures

Comparative visualization is a chrograohic fingerprinting approach that enables prompt
and intuitive evidence of compositional differences between samples pairs. It could be classifie
within datapoint features approaches since chromatograms pairs are comgargdplxeith
or without pattern realignment or transformation. It has been applied to reveal differences in
petrochemical applicatig¥®* food,”®°% body fluids metabolites compositféf and in plant
metabolomic&?1%

An effective workflow was recently designed to reveal patterns of volatiles related to spoiled
hazelnuts shwaing sensory defectsollg rancidsolvetike, taleandgeneral unpleasantwioies)
compensating for the compositional variability due to the presence of confounding variables
(cultivar, geographical origin, shfdfand storage) thdbminate volatiles composit®iThe
workflow generates composite classgesrom samples grouped by sensory qualification of
spoilage. Composite chromatograms were obtained by combining 2D chromatograms from
samples of the same class into a single composite chromatogram or image. The procedure was m:
more robust by effective-aignment of 2D chromatograms through registration peaks reliably
matched across chromatogram patterns, and made informative by analytes targeting b
untargeted/targeted UT) fingerprinting®*'® The combination of two chromatographic
fingerprinting approaches in one single workifleyw{sual/datapoint features and peskions
features extended to untargeted and targeted compounds) enaloliydm® prompt delineation
of fingerprint features correlated to spoilage but algtetitdication of specific chemical markers
to be used in a classification tree with suitable sensitivity and good specificity.

The challenging scenario of multitngpinteractions between plants, insects, and microbes
was the object of a study by Pizzolah&’?In particular, they investigated the association among
Mentha aquatids specific herbivor€hrysolina herb&egat bug), and insects' gut microbial
community. Comparative visgation was applied to reveal metabolites patterns deriving from
oxidative metabolism of gut microbial communities on mint leaf terp€iguids.4.13 shows
the comparison between volatiles fl@mherbackses (frass) and those frdfn aquaticeaf
(reference imagedjjgure 4.13A relates to female population feedingvbraquatidaaf while
Figure 4.13B is for male population. Colour rendering was by "colorized fuzz{/*nratiealing
compositional differences based on normalized responses (over the total image response) and r
on absolute detector signal. Red colorization locates features whose normalized response was lar
in the reference imad¥. (@quatidaaf), green colour locates features with larger response in female
(Figure 4.1.3\) or maleRigure 4.13B) frass. Yellow circles highlight features further investigated
to understand biotransformation and/or degradation metabolism while pink cicaltsgedider
specific analytes, exclusively detected in male population.
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Frass female {analyzed) vs Leaf (reference)

Figure 41.3. Comparative visualization between volatiles patterns from C. herbacea feces (analyzed image) and those from M.
aquatica leaf (reference image) in a fednb82 or male 4.1.3B) population. Colour rendering is by colorized fuzzy ratio
(details provided in the texihe analyses were performed by a column set consistiigSE32 (30 m x 0.25 mm ID, 0.25
pm) and @D OV-1701 (0.1 m x 0.1 mm ID, 0.1 pfhermal mdulation was by loeype modulator. Modulator capillary: 1 m
x 0.10 mm ID of deactivated fused silica capilagn program: 45 °C (1 min) to 260 °C (5 min), rate 2.5 °Cl/wvis, Rofjet
0.25sAdapted from Pizzolante efal.

Examples provided here suggest how strategic is the combination of different chromatographic
fingerprinting strategies, or the combination of fingerprinting with profiling, to access higher level
information Figure 4.11) encrypted within the chemical code. By visual/datapoint fingerprinting,
samples are discriminated b aguanttatice compdsigonsr 2 D
Behind datapoints, if metadata are traekguhsinvestigation enables identtiima of potential
markers while deepening the knowledge of sample composition and on the phenomenon unde
study.

4.1.5.2Chromatographic fingerprinting by regions features

Region features that collect information for multiple analytes belonging tes aofseri
homologues or a chemical group are adopted in the quantitative chromatographic fingerprinting o
petrochemical sampfe¥'®° and for safety assessments of food suspeétenineral oil
hydrocarbon (MOH) contaminatith
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Sample dimensionalitin petrochemical samples enables effective fingerprinting by region
features and differential qudaoétion of chemical clasdeigure 4.14 shows GCxGATOF)MS
plots of crude oil samples (named B06, B08, BO7) analysBdDf§-a7 (Agilent Technologies,
Wilmington, DE, USA), 50¢heny50%dimethydsiloxane (3t, 0.25nm id., 0.2 m d f )
coupled toPD DB-5 (Agilent Technologies, Wilmington, DE, USA),p&&nyi95%dimethy
siloxane (1.2, 0.18nmi.d.,0.1& m d f ) -jatthermadmodutatgtECO Corp., St. Joseph
MI, USA) By this stationary phase combination, satural&enes have longetemgtion in the
’D while aromatics are less retained. Samples were compared by their differential amounts of grot
classes nfalkanes, branched alkanes, monocyclic, bicyclic and polycyclic hydrocarbons,
alkytbenzenes, alkgbhphthalenes, alkyhenanthrerse and alky®H-fluorenes) by thesemi
quantification by total ion chromatogram (SQTIC) méthd he class semuantification was
by summing all peak areas from each class before their normalization to that of the class specif
internal standard+hexadecan®34 for saturated hydrocarbons up to 20 carbon atoms and
pyreneD10 for aromatic fdrocarbons) at a known concentration. Authors applied thetgpoeup
semiquantification to a selection of Brazilian crude oils (n=12) ranging between 14.8 and 44.5°API.
By direct analysis of a single oil drop, and without any fractionation or cledectiyge ef
di scrimination was achieved with rational e
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Figure 41.4. Contour plot of crude oil samples with different API° values. Group classes, enclosed in region features, are shown
with different colours:-alkanes, branched alkanes, monocyclic, bicyclic and policyclic hydrocarimrgaaikgl alkyl

naphthaleneg)kytphenanthrenes and aiRyd-fluorenes. The column set wascolumnDB1 7 (30 m 1T 0. 25 mm 1
and2DcolumnDB5 (1.2 m 1T 0.17 mm T 0. 1 7etduabtage mbdulator.rdadn progoach:0 °€t i o n
(5 min) to 330 °C, at 3.0/f@n; secondary oven 45 °C (5 min) to 335 °C, at 3.0 °C/mis,R.25s hget. From Coutinho et

al®

MOHs are a complex mixture of isomers including mineral oil saturated hydrocarbons
(MOSHSs) and mineral oil aromatic hydrocarbons (MOAHS); theireswzuin food might be
related to contamination by exogenous sources. The MOSH fraction includes aliphatic
hydrocarbons (lineaalkanes, brancheiisoalkanes and cyclic compouédsycloalkanes or
naphthenes) with possible substitution. The MOAH fraottudes aromatic derivatives with one
or more benzene rings and extensive alkylation. Within this class, known toxic compounds are
present, exerting mutagenic activity and tumour promotion. To date, an official confirmatory
method aimed at accurately dgiffging exogenous MOH in food with the concurrent possibility of
establishing the origin of this contaminatiohi**is not yet available.
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The analytical challenge, faced by established methods for MOSH/MOAH quantification in
food and basedn liquid chromatography (LC)-tiffe/on-line coupled to GEID,***relies on
the presence of several interfering compounds not effectively isolated by sample preparation and/c
by LC prefractionatiort*>**The unresolved complmixture (UCM) profile, also called a "hump",
produced by the LLGC approach does not guarantee accurate quantification, and overestimation
is an issue. To comply with the need for adding a confirmatory step to the analytical procedure, &
required by EU @mmission Decision 657/2Q02MS is fundamental although not sufficiently
seletive to isolate unique and distinctive signals from exogenous MOSHs and MOAHS.

In this complex scenario, the potentials oxGC were immediately clear; Grob and
collaborators proposed a fingerprinting approach based on a medium gqquiéar column
combination (OV17 in the'D and P55dimethyl polysiloxane in tfi2) capable of separating
compound classes with a clear logic based on their fnesitoal properties while enabling a
fingerprinting based survey to define the source of contamiti&tigure 4.15 shows on the left
LC-GC-FID chromatograms of MOSH and MOAH fractions and, on the right, the corresponding
GCxGC-MS 2D plots from Asian rice samples suspected for MOH contamination of unknown
origin.

o] 11 . PP obgomers 21
Cyey | v nLane l‘ ,
Paraff ."‘ P ogomers
MOSH fraction r«\
{ \ Vi nAlanesy |
it ) | . 7 , w"- )12-Cyd05 ' n
‘ ‘ t n {-.' 0 7-Decalins
W ‘ %3 Peryoro-3R
| L L . \ 'i 1 -Pertydro pyrenes
X | o
L O Cyey
T 85'C <« 2mn » 215°C
"_ 788 of 5 ‘ n-Alkanes (carryover) -
o C

20 .

MOAH fraction -

TB8 A O‘Q.W "' e

: ' . Z.Ring MOAH
| * -‘ﬁ | | » O IWF MOAH
My : Ring NL
“‘*"""‘L-JL! \N - “ DIPN ' ’.". .*‘3‘
- 2m » 25
Figure 4.1.5.LC-GC-FID chromatograms (left side) of MOSH and MOAH frastaomd the corresponding GCxGOF MS
contour plots (right side) from Asian rice samples. The column Sammlsmn OvM17 (15 m 7 0.25Dmm T O.
columnP2 55 (2. m 7 0.15 mm T . 0-t5pe mc@uigtor. OVEMm peaymm#0 PC (3moij o | at i on

310 °C, at 5.0 °C/min;NFBS. Acronyms are explicated in the text. From Biedermann arid®Grob

Samples imageshkigure 4.15 show, for the MOSH fraction, the ordered elution pattern of
nalkanes ranging fromC13 (internal standard)reC25 mostly present in uncontaminated rice.
Branched paraffines, are ordered along the elution Ir@kaines but with a slightly higher
retention in the second dimension. Oligomeric polyolefins (POSH) (C21 oligomers) from
polypropylene (PP) packaging have distinctive elution regions. Between the POSH and the
nalkanes, monounsaturated PP oligomers were detected. Naphthenes, cyclic Is;dracardon
lower retention along ti® while forming slanted elution bands. Monocyclic C17 naphthenes
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(dodecyl cyclopentanes;Qylo5, and undecyl cyclohexane£ytlo6) are highlighted in the
pattern.

The MOAH fraction (lower plots) produces on tHeGC a hump with unresolved
hydrocarbons; by structuring analytes elution over the 2D space retention logic enables the
separation of diisopropyl naphthalenes (DIPN), selective indicators for recycled paperboard,
suggests that MOAHSs likely belong to sucbngamination source. Moreover, thng and 3
ring MOAHSs show clear elution bands with increasing retention based on the degree of alkylation

The application of GCxG®MIS to MOSHMOAH determination brought to truly
multidimensional solutions by, fotample, combining, dime the LC prdractionation and
parallel detection by FID/MS provide room for the development of a methodology capable of
qualifying and quantifying MOH contamination with the potential of fingerprinting to accurately
identify contmination source($}

4.1.5.3Chromatographic fingerprinting by peak features

Chromatographic fingerprinting by peak features is challenging and, as pliecimssy, it
often results in unmatched and mismatched peaks that impact the comprehensiveness of th
process and may hide a sampleds traits-of r
comparative analysis of &€GC-(TOF)MS data e(g. LECO SC) might be adopted for
chromatographic fingerprinting although careful tuning of processing parameters (S/N detection
thresholds, MS matching thresholds, deconvolution function parameters etc.) is mandatory tc
obtain comprehensive yet distinctive pstsk Recent review papers cover application fields where
this approach was succes$fit® although in most cases data reduction with various criteria
reduces the profilesd comprehensiveness.

Among recent contributions, untargeted investigations on bacterial volatile organic compounds
(VOCs) are worthy of menti$f*'®3 for the attempts to capture diagnostic fingerprints from
specific bacteria strains. Franchehaat®® investigated bacterial VOCs signatures after their
sampling fromn vitracultures Staphylococcus aBsewslomoaasigingsamdEscherictialiwere
selected within bacterial species causing infections and sepsis in the respiratory tract. In their stuc
in view of clinical translation of the methodology, the authors tested dynamic headspace extractio
(DHS) followed by thermal st&rption with sorbent tubes (TDTs) packed with various materials
(Carbopack Y/X/Carboxenl1000, Carbopack Y, Tenax TA and Carbopack B/X). Raw 2D
chromatograms were processed to extract comprehensive yet consistent untargeted peak featu
across all samplds. particular, processing parameters were set to discard peaks below a S/N
threshold of 100, while-a¢igning features based on retention times windows of 6 s and 0.1 s in
the 'D and?D respectively. Intethromatogram spectral match threshold, to cordositive
correspondence between features generated by the same component, was set at 68 while a
ho&/N threshold of 50 was defined to recover features lost by the initial peak finding.

The data processing/analysis workflow included a firstf slematographic fingerprinting
followed by data reduction and feature select@rpi(ofiling). Operations were as follows: (a)
chromatograms alignment (n=40); (b) artefacts removal; (c) inclusion/exclusion criteria to retain or
discard features; (tBsponse normalization; and (e) discriminatory feature selection by random
forest. Of the 317 untargeted peak features, 67 were selected for their discrimination potential ant
from these, a few targeted analytes were identified and interrelated gokaermsigdge on
bacterial VOCs emission.
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Focantds group at the University ®8GC Lieg
(TOF)MS for the discrimination of cannabis speCimsn@biadicaCannabativand hybrids).
Cannabis volatiles were extractestipyar sorptive extraction (SBSE) and analysed on a system
equipped with a differentfidw modulator based on the Bueno and Seeley*#esigra column
set consisting of an apotBr Rxi-5MS (5% diphen@5% dimethylpolysiloxane phase) (30 m x
0.25 mm i .d. T 0 .uth pola2bd Rdi7Sil Ma (equivaéent ta eadbD%
diphen5 0 % di met hyl pol ysil oxane phase) (5.0 m
Corporation).Figure 4.16A shows the 2D plot of a representative sample of cannabis
inflorescence volatiles. The fingerprqntoy peak features was accompanied with classification
regions coherent with the chemical classes characterizing the sample. Untargeted features we
annotated with additional information about chemical gliajpsdnoterpene and sesquiterpene
hydrocabons, sesquiterpene alcohols, fatty acids and cannabinoids) while enabling informative
clustering, shown figure 4.16B, and classification of samples based on different chemotypes.
Furthermore, the intrinsic profiling power of the technique, enabigetigcation of exogenous
componentsi.g, pesticides and plasticizers) with relevance for product safety.
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Figure 416. Contour plot of cannabis volatildsLGA) analyzed after stirbar sorptive extraction with a column set consisting of:
DcolumnR¥5 MS (30 m T 0. 25D cwumniR¥I07 2i51 OMS @m.d0o m 7 0. 22w mm 1T O
modulation based on Bueno and Seeley design [123]. @ramp&® °C (5 min) to 330 °C, at 3.0 °C/min6Bs. 1D flow 0.7

mL/min; 2D flow 7 mL/min. Heatmap 4.16B) and hierarchical clustering of 70 peak features with meaningful differences between
samples. Features connoted by an asterisk were confirefedemge standard analysis. Adapted from Franchi#@ et al.
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4.1.5.4Chromatographic fingerprinting by peakregion features

Chromatographic fingerprinting based on-pegikn features has been adopted in many fields

including metabolomié%’" 881 ¥grensic¥>****hio-0ils'****’and food applicatior{g® 10410518
142

The reliability of pealegion features fingerprinting was validated against a peak features
approach, based on template matching, in a study aimed atrdelifistaictive patterns of
volatiles in roasted hazelnuts from nine different geographic&? Biaasprocessing was
conducted by: (a) locating peadion features over the GCxGC chromatographic plane and
extracting information from analytes distribution; and (b) considering a subset of 2D peaks,
togetherwith all available metadata, for featuresligement. The latter, approaching the
chromatographic profiling concept.

The first step was by delineating peeglon features from a cumulative chromatogram formed
by summing all of the chromatograms o$#tafter retention times alignment. Then;fEepéns
were detected and collected in a "consensus temated,collection of minutiae features from
the sample set accounting for 411 jpegions. From the consensus template;pgadn features
were copied into individual 2D chromatograms netdmtion timdransformation by geometric
scaling and translation parameterized through peak matching. Results, expressed as % of match
between consensus template pegions and those delineated farhesample of the set, were
interpreted as similarity indicaRiemoni@zelnuts (considered as gold standard for confectionery
industry) had the lowest similarity (688the complete set of minutiae features investigated. The
second step, validatiomas by template matching of individual 2D peaks across all chromatograms.
A consensus template of peak features was built by adding MS similarity constraints to positiv:
matches and by template transformation to compensatgefotion timeshift. The esulting
consensus template had 422 peaks with a subset of 196 reliable peaks that matched in
chromatograms. By this comprehensive peak features tePgadebazelnuts confirmed their
lowest similarity to the reference fingerprint. Moreover fegtakes with the highest response
and meaningful variations within the set of samples were putatively identified. With the exceptior
of three features (out of twenty), the two chromatographic fingerprinting approaches gave univoca
results. Of the mostigtriminant variables: acetic acicheghylbutanal,-Bethy}(E)-2-hepten
4-one, and octanal were also -&kema compounds informing about peculiar sensory
characteristics of samples.

A large set of wine samples (n=127; 254 chromatograms), from thrgeap®producing
regions of Brazil, were analysed for their volatiles profil#k fimgerprinting followed by ML.
The challenge was to effectivelglign peaks and peadgions from a large dataset with incidental
retention time fluctuations. Th& workflow identified 53 reliable peaks, well distributed over the
chromatographic space and 793 pegions. Response data from pegions were explored to
answer many different questions about samples characteristics. Grape variety, vintage year, grow
region, and winery were explored by various ML methods while accounting for computation time
for training, classification, and cross validation. The study demonstrates the importance of a reliab
and almost comprehensive mapping of targettdntargetefeatures. Whatever the question of
interest, if the answer has foundation in the examined fraction and its chemical dimensions
comprehensive chromatographic fingerprinting might help provide consistent answers by achievin
higher level information.

4.1.6 Challenging scenarios

Chromatographic fingerprinting faces several challenges when severe misalignment occul
between the chromatograms of a set. As previously discussed, by template matching fingerprintin
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retention times variations can be compehsgtapplying suitable transformations $&etion

4.14.4). However, severe misalignment might need analyst supervision in setting critical processin
parametersStiloet al*tackled pattern misalignment and detection inconsistencies, such as those
occurring in longerm studies, by examining the effect of processing parameté&f$ for
fingerprinting of extrairgin olive oil volatile$he authors induced severe distortion by changing
chromatographic conditions (carrier gas linear velocity across columns and modulation period) an
impacted on detector performances by applying different tuning to the TOF MS.

Signato-noise ratio detectiothreshold, reference spectra choice-g@&k or highest
modulation), and similarity match factor threshold for matching constraints critically impacted the
falsenegativana t crate. Mdreover, distance thresholds, in the two retention dimensions, and
the seconarder polynomial transform were key parameters to effectiabfjnreemplate data.

For targeted analytes, template matching executed by full supervision of the analyst achieved a 9’
of accuracyi.e, 97 % truegositive matches) when repkchsamples of the same batch were
analysed, while a 92.5% of accuracy was achieved for severely misaligned patterns. By L
fingerprinting, a fully unsupervised procedure, accuracy was of 99.7 % in replicated analyses (sa
batch) and 97.9 % for misaligdeds.

Another context where chromatographic fingerprinting might be challenging is when 2D
patterns need 4aignment between platforms operating with different modulator principles.
Cordero and cwvorkers examined the feasibility of translating chramplegmethods from TM
GCxGC to differentiaflow modulated (FM) GGGC*®*6 by preserving analytes elution order,
relative retention in the twabromatographic dimensions, and limit of quantification (LOQ).
Method translatidff offers the opportunity of transferring applications from TM to FM platforms
with benefits for laboratory ap#ional costs. However, if this task is conducted without
considering the chromatographic parameters governing analytes' elution, the resulting 2D patterr
may be distorted and difficult toakgn. In practice, method translation attempts to replicate a
sample's chromatographic fingerprint without distortions so as to be effectively used for
discrimination and qualification.

Figure 4.17 shows the GCxGC images of volatiles from a roasted cocoa sample analysed by
a reference methodology with TMX3&C Figure 4.17A) combiningdD PEG Sol Gel We
(30 m, 0.25mm.d 0 . 2)HTrafamScientific and Medical, Ringwood, Victoria, Australia) to a
D OV1701 (1.0 m, 0.10 mrgd O . 1)0J&W,nwilrdington, DE, USA) of by FM &GC
with translated chromatograpp&rameterg-(gure 4.17B) on a system equipped with a reverse
inject differentiaflow modulator (Agilent Technologies, Wilmington, DE, USA) and a column set
consistingof®® PEG Sol Gel Wax E, (Q.0% @fra@ntScientlic amchiviedical,
Ringwood, Victoria, Austia) and twparallefDs columns OV1701 (1.3 m,0.10mmd0 . 1 0 OQr
d) (J&W, Wilmington, DE, USA). Pink circles indicate targeted peak features whose relative
positions were kept coherent between the two analytical platforms. The consistency of the 2D
patterns enabled effective transfer of all metadata collected fergi@akeatures (red areas in
Figure 4.17C) in the original method. Metadata included: target peaks chemical names, reference
MS, qualifier and quantifier ions, and MS similarity ¢thdlesihe template of peaks and peak
regions was transfornf@fand then matched over the FMX3&C samfe's pattern with minimal
supervision. With the translated method, the total analysis time was reduced by a factor of 2, fror
60 to 30 minutes of analysis, while fingerprinting information potential was maintained, enabling
coherent classification of cosaanples based on cultivar/origin and processing step.
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Figure 41.7. Contour plots of a roasted cocoa sample analyzed #ypecpMGCxGC-TOF MS §.17A) and in translated

conditions by reversgject FM GCxGCGgMS 4.17B). Figure 4.17C shows peakegion features template (red areas) after its
transform from the reference pattern obtained BWGTMGC. In the original method.L 7A) the column set was Hy column
Sol Gel Wax (30 m T e.c@uwbnn@wi70L (1 xa.5mnBm)1l aQwnd) . Ther maype modul ¢
thermal modulator. Oven program: 40 °C (1 min) to 190°C (10 min) at 3.0 °G/88n0R5 s hgét. In the translated method
(4.17B and4.17C) the column setwas Bp:. c ol umn Sol Gel Wa x m)dn@&D aolunin OGL70L (1@mx7 0. 1
0.1 mm T 0.1 OQm) . -inMdd difiereraiaflaw onodulator. Oeen pragrara: 4G°€ (0.43 min) to 190°C at 6.94

°C/min. Py 2s, 0.11 s pulse tinkgom Magagna et'af.
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Parallel detection by MS and FIDcismmonly adopted in those applications where
fingerprinting is followed by, or accompanied by, profiling, identification, and quantitation of
marker analytes. FID, in fact, offers the opportunity to accurately quantify analytes based on RF
or predicted R§8 However, the ralignment between tandem signals from two detectors can be
challenging. For MS and FID, the different operative pressjrescum and ambient pressure
respectively) generate a carrier gas linear veloadégtgrkhg théD column that impacts 6B
retention timestg).

Parallel detectors patterratignment was the object of contribution by Reichenbach-and co
worker& who adopted a twparallel second dimension columns and detectior 2@C
MS/FID) to capture complementary fingerprint from usamples of diabetic (typaliabetes)
patients from IDES2 cohort stutfy To achieve a consistent data fusion from the two detectors,
chromatographic features (peaks andegabns) were aligned by mapping retention times from
one detector chromatogram to those of the other detéggore 4.18 shows misalignment
vectors for a selection of 2D peak pairs (n=156) between FID and MS and resiijimpeat
by applying affine or polynomial transforms.-tdegree polynomial mapping functions out
performed affine transformation (as measureddbyneansquare residuals for matched peaks)
and achieved good performance close to a-tmued benchmark of inherent variability. The
transformation grids are illustratedFigure 4.18 along with the results obtained by their
application to patteme-alignment. The authors examined experimental results and concluded that
third-degree transforms epérformed the secostibgree polynomials, although seategtee
polynomials might be preferred for computational simplicity, number of parametest tnde s
overall robustness.

More recently, the issue of parallel detectiatigement was tackled by Byenat>® who
adopted stencils regions around 2D peaks of interest for effective patigmment between
gMS and FID data from kawRiger methystjorotatiles fingerprinting. Another applaratelates
to MOSHMOAH contaminant analysis where regions of the chromatogram where these
contaminants elutes neediignment between (TOF)MS and FID for accurate group quantitation
by RF™
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Figure 41.8. Misalignment vectors (from FID to MS) for 156 peak pairs in chromatograms from GC x 2GC analysis of a urine
sample. Columns from left to right are for the four alignment traatifoxewhich grid is illustrated in the segomdimages:
None (f0), affine (f1), seceddgree polynomial (f2), and tkderee polynomial (f3). Adapted from Reichenbact? et al.

4.1.7 Machine learning for effective data exploration

Generally, PR with2DC has proceeded with established methods rather than developing new
methods. A fundamental division of PR is between supervised and unsupervised problems. Fo
supervised PR, a training set of feature vectors with classlghb®dslthy or unheaith are
provided; then, the training set is used to develop a method(s) to discern differences betwee
classes. For unsupervised PR, methods must discern both natural groupings/clusters ant
differences between those clusters.

PR can be conducted with congpléngerprints that provide comprehensive feature sets
corresponding to all€, untargeted) chemical constituents or with partial fingerprgfsatures
extracted for targeted compounds or fromemmprehensive profiles). C2DC typically geserate
many features, especially for untargeted analyses, so it can be useful to reduce the number of feat
variables by eithea) (projecting feature vectors into a redwlbiegknsion feature space br (
selecting a subset of the most relefeatures. However, it should be noted that any feature
reduction and/or selection may decrease the information available é&g.p& Shannon's
information theory?’). Multivariate anadis for which there are many features relative to the
number of samplesd. hypervariate) pose the risk of o¥igting models to limited sample data.
Crossvalidation is a method for evaluating-wteng by dividing the labelled samples intoitrgin
and testing sets.

4.17.1 Popular unsupervised pattern recognition methods

PCA computes a set of orthonormal basis vectors with maximal energy ipadkiegh(
vector is the best fit of the data while being orthogonal to thelfiveictors)PCA can reveal
natural clusters if those clusters are well separated by the features with greatest variance. PCA &
can be used to reduce features by capturing feature correlations. In the C2DC literature, PCA heé
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been used frequently for unsupervisedR when class labels are available, but that may be due
to familiarity with PCA and lack of familiarity with methods for supervised PR.

Hierarchical cluster analysis (HCA) builds a hierarchy of clusters, with one cluster with all
samples at the pinnaaled one cluster for each sample at the base. Two approaches for HCA are
agglomeratitrech builds the hierarchy from the bottom up by combining clusters from a lower
level to create clusters for the next higher levedjiasisdehich builds the hierdr from the top
down by dividing clusters from a higher level to create clusters for the next lower level. The
operations (to combine or to divide) attempt to create the densest clusters with the greates
separation between clusters. Various measurée foistance between items and the distance
between clusters have been prop8sed

4.1.7.2 Popular supervised pattern regmition methods d Qualitative and quantitative
approaches

The most commonly used classification methods apply discriminant analysis drasedting
decision rules. Discriminant analysis consists of the establishment of boundaries among th
different class defined by the training set and vdiamed decision rules divide the samples into
subsets based on the value of certain variables, and this process is repeated on each derived su
of samples. In both cases probabilistic approaches are apgassifmation since the belonging
of each sample to one class or another is established determining distances or voting. The distanc
employed are based on Euclidian, Manhattan, or Mdlslanwong others.

TheF-test or Fisher ratio (FR) is a populathud for assessing discriminative efficacy with

the ratio of betweeclass variance to witkifass variance; a large betvetess variance relative

to the withinclass variance indicates discriminative powdt-tEeeassumes normal distributions
andsample independence. Linear discriminant analysis (LDA) determines the linear combinatior
of featuresife, projection) with the maximal FR, assuming identical class covariances. Subject to
its assumptions, LDA is the Bagptimal classifier. Quadratisaiminant analysis (QDA) relaxes

the constraint that class covariances are equal. Regularized discriminant analysis (RDA) emplc
two parametric regularization methods to generalize both LDA and QDA.

K nearest neighborsNN) classifies a sample by aevot thek most similar samples in the
training set. The value of the nunibisra parameter and there are various alternative methods for
measuring nearnegs,(similarity or distance) and for weighted vdiMl. classifiers don't posit
any distribubn or model for the data and so can be especially effective for complex distributions
that would be difficult to model.

Decision tree learning builds a tree that organizes a system of rules (or tests) that sequentia
drive the method toward its conawsie.g.a sample's class). Decision trees are simple to
understand and relatable to the features; however, they tend to be not robust, which is a danger f
small training sets with many features. In order to cope with such problems, ensemble method
build multiple decision trees with boosting (emphasizinghadislled samples) or bagging
(resampling training data). Random forests (RF) utilize multiple decision trees to render a decisiol

Partial leastquares discriminant analysis {PAY is a variantdr categorical predicted
variables. This involves building a PLS regression model to establish clesithiemiperforms
a discriminant analysis (DA) to achieve classification. Orthogonal projection to latent structures
(OPLS) and OPL-BA are related methods with orthogonal projections.

Support vector machines (SVM) construct a hyperplane in-@dinmegisioal space for
classification, regression, and other PR problems. Various kernel functions can be specified for tr
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decision function, which provides flexibility. SVM can perform relatively well even for large feature
spaces. Deep learning refers to a bifaady of methods based on artificial neural networks
(ANNSs) and is one of the hottest ML topics. However, deep learning is best suited for problems
with large data sets, which, unfortunately, is atypical for C2DC, and so has not yet been much use
for C2DC analyses.

Quantitative multivariate methods are focused on determining the functional relationships
between the analytical signal acquired from a set of samples and a characteristic feature of su
samples such as their composition. The advantagegembigpasing univariate quantitative
methods are to perform the quantification in the presence of interfering substances and to quantif
materials (not analytes)y.the proportion of particular vegetal oil in a blend of vegetal oils or the
quantificattn of mineral fuel in biodies&l The most widely used is Plhich consists of
building a linear model projecting observable (predictors) and predicted (responses) variables to
new space maximizing covariance.

4.17.3 C2DC pattern recognition research

Some previous work from the past decade on pattern analysis with C2DC data is summarize
here. In 2010, Humstaat al*® used GBGC to assess progressive moisture damage to cacoa
beans, employing PCA for dimensionedduction and visualization and a suite of ten regression
methods to model progressive damage with 29 analytes selected by FR analysis. Beadhenbach
usedk-NN, SVM, and BA with SVM with data from urine samples analysed{iyd o classify
samples by individual, before/after procedure, and concentration witn&aweand replicate
K-fold crossvalidation. In 2012, Calde#taat>® used Partial Least Squdbescriminant Analysis
in tandem with Monte Carlo Cross Validation with data from exhaled breath samples analysed b
GCxGC-(TOF)MS to assess the predictive power and aid interpretation of recovered compounds
possibly related to oxidative stress, inflammation processes, or other cellular processes characteri:
of asthma.

In 2015, Steingass at>> used GG GC to assess ripenidgpendent changes for pineapple
volatiles, employing Analysis of Variance (ANOVA) lectgmn of 477 features for unsupervised
HCA and PCA and for supervised Partial Least Squares Discriminant Anah3#s) @hid
Partial Least Squares (PLS) regression. In 2016, 8traZfarsed G& GC to classify chemical
agents, employing RF to distinguish different formulations of three types of organophosphate
pesticides (OPPs); and Zdtal>’ used G GC to analyse aroma components of teas, employing
orthogonal projection to latent structures discriminant analysis-@Pla8d HCA with 478
features to determigempounds with significant across group differences. In 2017, @adis
used GBGC to assess changes in volatile profiles of human blood, employing FR and ANOVA
to filter features and PCA and HCA for dimensionality reduction and visualization; anddWliyazaki
al®*used GBGC to analyse serum metabolites of neonatal calves, employing HCA, PCA, and
PLS regression, and correlatiogfiocents.

In recent years, the Hill Lab (B&aRees® Purcarg® Beccariad* et a). has used GGGC
extensively to investigate various issues of respiratory diseases, including fungi, bacteria, virus
and human breatamploying HCA, PCA for dimensionality reduction, RF, linear SVM, and PLS
DA. In 2018, Reichenbaeh al? evaluated 22 different ML methods (including decision trees,
discriminant analysis, SVMNK, and ensemble methods) for seven different classification
problems with GERGC-MS chromatograms for 127 different Brazilian wines; aetdafhiised
GCxGC to analyze 39 dark teas by greomloying PCA for dimensionality reduction and HCA.

In 2019, Lukjet at**used G@ GC for differentiation of olive oils by variety and geographic origin,
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employing ANOVA and FR for feature ranking, PCA for dimensionality reduction, HCA, and
forward stepwise linear discriminant analysis (SLDA).

418 Conclusions

Chromatographic fingerprinting by C2DC is undoubtedly a profitable strategy for cross
comparative analysis of large set of samples with an almost comprehensive coverage of the
constituent components. Dedicated data processing on instrumental fingempdassary to
extract meaningful higlvel information from different types of features, while tackling issues
related to retention times misalignment and MS detection inconsistencies.

Multidimensional analytical platforms combining orthogonal itfamnoimensions enable
hi ghly accurate and specific chromatographi
(MS spectra) that brings the investigation toward profiling knowledge. By machine learning,
fingerprinting allows sample classifinataiscrimination, and even identification, while the
combination with profiling gives access to a higher level of information corroborateepy a
knowledg®n sample constitutive elements.

Algorithms and workflows for effective chromatographic fingeng are available within
most of the commercial software packages dedicatedxt@CGSénd other C2DC platforms.
Besides the clear advantages of automatic procedures, analyst supervision and critical approac
can make the difference and guides todleet®on of the most appropriate strategy to achieve
investigation goals.
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42.1 Abstract

The contribution focuses on untargeted data processing/analysis approaches that are current
adopted to explore the 4fata matrices produced by comprehensiveditwensional gas
chromatographgnass spectrometry (8 GC-MS) in foodomics. Strategies for untargeted
explorations are rationalized through the type of features adeptesu@l, datapoint, peak, and
peakregbons) at the data processing level, and then discussed through relevant applications an
illustrative examples, selected overnpeewed literature. The role of MS, includingJstgw
resolution MS, as an active probe for specificavogsarativeralysis, is critically discussed also
in the context of spectral deconvolution and subtractiorestaddlished procedures for 1D-GC
MS explorations. Moreover, the challengingtask ef ppst g et i ng ai med at i c
dknowns o, I #s petenambeimg the keyno access a higher level of information.
Selected examples emphasize the importance of reliable identification by retention indexing
retention pattern ordering, sensory evaluation (sensory analysis and olfactometryjrangd.data

Keywords

comprehensive twdimensional gas chromatography; 4mmits untargeted investigations;
multidimensional analytical platforms; features for-avogsarative analysis; €GC data
processing; spectral deconvolution; MS subtraction
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4.2.2 Introduction
4.2.2.1 OMICs disciplines related to food

Inspired by systems biolgdyypothesigienerated investigations aimed at understanding the
impact the food metabolome has on the human body (nutrimetabomeidsnkage between
food composition with health and wWmding (foodomig% and its concomitant compositional
linkages to sensory quality (sensomics and flavgroriioward this end, modern approaches
that provigé a comprehensive analysis of food metabdl@re fundmental to integrate the
multiple dimensions of information (sensory, biological, chemical, environmental) with a
comprehensive knowledge of food chemical code.

The ability to correlate food chemical patterns with orthogonal properties such as sensory
qudity, traceability, safety, nutritional value, and biological activity requires analytical approache
that offer total detection of the metabolome. Multidimensional analytical (MDA) platforms that
combine physicochemical separation techniques (chrontatpgiegiromigration, size exclusion,
etc.) with spectroscopic techniques (mass spectrometry (MS), nuclear magnetic resonance (NMF
infrared (IR), ultraviolet (UV), etc.) have the potential to discriminate, identify, and quantify sample
constituents, ovehe longterm, while providing a solid foundation for generating hypethesis
driven studies.

MDA technologies support comprehensive untargeted investigations by providing a larger
number o f features with greater umf ar gnat e d
approach is a process in whashmany features as possible are detected and monitored with the
possibility of annotation and tracking across multiple s@fiiples contr ast, ot arg
focus on identifying and aptifying a limited number of known analytes, dedir@gtbriTarget
analysis, in general, provides limited information with regard to the total composition of a sample
and does not take full advantage of MDA pl a

In untargetedrosssample analyses, various important goals can be achieved, for a@xample: (
classificationpf chemical fingerprinting) (nonitoring (within multiple samples or tiregolved
changes)d) clustering, and (marker discovebyFigure 4.2.1 summarizes the key characteristics
of untargeted and targeted approaches as implemented in MDA platforms.
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Untargeted

» ¥v" Hypothesis generating

L v" Global/comprehensive analysis

g v/ Comprehensive detection of features
5 v" (HR)MS as active discrimination probe
O v" Cross-comparative analysis

E v' Post-targeting aided strategies

k= -

(7]

= Targeted

O ¥v" Hypothesis driven

{Q ~ v Targeted/tailored analysis

g v Exploration limited to selected features

v Cross-comparative analysis
¥ Pre-targeting of known markers

Figure 42.1 Key characteristics of untargeted and targeted investigations by-MS»*&foodomics. Adapted fromh

In the next section, we introduce some typical examples related to food, where untargetec
characterization based on comprehensivdimensional gas chromatography (GCxGC) coupled
to high/low resolution mass spectrometry [(HR)/{MS)] has produced sucsfesinvestigations.
In particular, we discuss the information obtained by the analytical platform employed in light of
its potential to inform on featuidentity duringexpostiata analysisd, posttargeting).

4.2.2.2 Untargetedinvestigations and food compositional complexity: the role of GCxGC
MS

GCxGC with high or low resolution (HR)/(LR)MS has proven successful and capable of
providing a high level of informatidim untargeted investigations related td.fépplications
include: & profiling and fingerprinting of volatile organic compounds (VOCSs) to determine food
sensory quality and spoilage, to understand the impact of environmental conditions on plant
phenotype, or t o di s c orgimt?h(g faty asids mpthykestérs g e ¢
(FAMEs) profiling and fingerprinting as diagnostic markers of fat fraction quality and
compositiorf-??and ¢ nonvolatile small, primary metabolites as indicators of food%jaality
harvesting and storage pracfi€€sand for evaluating impacts of climate events on.%réps
few representative examples of untargeted strategies are pr@edadnmi2.5.

Data acquisition in untargeted explorations is fundamental to enable effective annotation anc
tracking of untargeted features across mudtipiples. Data dependent acquisition (BB3Ahe
most widely adopted strategy for @Ix*MS explorations. DDA relies on full scart td@cquire
individual features (accurate mass spectral signatures or fragmentation patterns) to allow speci
crosscomparative analysis. Raw data is processed to produce relevant and meaningful feature
(daapoints or peak featuresSaction4.2.4) that are further investigated to determine structure
elucidation and identification. In contrast, data dependent acquisition (DIA) approaches integrate
full MS with tandem MS (MS/MS or N)Sragmentation to prode precursor ions, which are
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either fragmented in a second stage simultaneou$)y’ (MPy a priorifixed mass ranges
(sequential window acquisition of all theoretical fragment ion s{Satta H)*° DIA methods

are more extensively adopted inMLE&/MS metabolomics, they produce complex fragmentation
spectra that likebffer the potential to provide structure identification

In the case of MDA platforms, with comprehensive-dimensional chromatography
(GCxGC and LCxLC), untargeted investigations are corroborated by obtaining structured
separation patterns fohemically correlated analytes. This key characteristic is the result of two
concurrent yet independent properties. One is system orthogonality, which depends on the
different separation mechanisms combined in the two analytical dinfefb®second is an
intrinsic property of the sample and relates tlintensionalitg, 9,°> a property that does not
depend on the number of componenis, (M in the sample, but refers to the number of
independent variables that must be specified to identify the components in thBresfiyptae
more chemical classes in the sample, the greater its dimensionality, and, consequently, the ratior
for multidimensional separation.

Based on the compositional peculiargy gample dimensionality), the choice of stationary
phase combation plays a fundamental role in providing efyqe separatiofisor ordered
homologues patterfisGrouptype separations also open simultaneoastification of each
chemical class as well as individual analytes within each class. For example, to assess minera
contamination in food and food packaging mat&iakhe saturated hydrocarbon fraction
(MOSH) must be quantified independently from the aics{®OAH) and, within the latter, a
few toxicologically relevant analytes need accurate quantitation by external ¢atjbrattbh2
shows the chromatographic image of a mixture of mineral oils, to which were added the 16
polycyclic aromatic hydesbons selected by the U.S. Environmental Protection Agency (16 EPA
PAH) and internal standards (Cycy, cyclohexyl cyclohexane; Cho, cholestarand/isethy!
naphthalene; Tbb, #ert butyl benzene; Per, perylene; DEHB:; di®lhexyl) benzeneB, n
octadecylbenzene). The MOSH fraction (gwedimed area) is chromatographically separated
from the MOAHSs (blueutlined area) due to the differential retention exerted by a medium polarity
x apolar column combination.
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Figure 42.2. Contour plot of a mixture of mineral oils, to which were added the 16 polycyclic aromatic hydrocarbons selected by
the U.S. Environmental Protection Agency (16 EPA FABReg 1881/2006) and internal standards [Cycy, cyclohexyl
cyclohexane; Cho, cholestaMNs, 1and 2methyl naphthalene; Tbb;tett butyl benzene; Per, perylene; DEHB; di(2

ethylhexyl) benzene; 18Batadecylbenzene]. The green area includes the mineral oil saturated hydrocarbon fraction (MOSH)
while the blue area highlights theeral oil aromatic hydrocarbons (MOAH) elution area. The analysis was by a column set
consisting of €D OV-17 (15 m x 0.15 mm ID, 0.15 pm df) af® &S255 (3.2 m x 0.15 mm ID, 0.055 pum df). Thermal
modulation by loopype modulator. Modulator capiftat m of théD column, leaving 2.2 m for the separation process. Oven
temperature program: 50 °C (3 min) to 340 °C (1 min), rate 5 °Gyrom; Rodified from Biedermann and G¥b

Moreover, ordered patter are of great help in the ptageting of relevant features; their
relative retention within a homologue class and within different chemical classes helps to
disambiguate, especially when linear retention data are not available or sufficiemiy*€bnsiste

4.2.3 The role of mass spectrometry in untargeted investigations

The role played by MS, the third dimension of the analytical system, is fundamental. It adds
another level of specificity to crossnparative investigations while providing essential
information for analyte identification. The spectra produced by elesiration (El) is a third
probe of discrimination, in addition @ and?D retention data, also providing the means to
identify ceeluting compounds by spectral deconvoluttbrproduces stable and reproducible
fragmentation patterns rendered as acomp d 6 s s p e.dMoreawdr, ats70 gvnraassu r e
spectra are considered reproducible between MS insttyjesné.g.fast scanning quadrupole,
time-of-flight, orbitrap, eté.) The standardization of El ionization allows analysts to confidently
use commercial or opsonurce spectral libraries, such as the GOLM Metabolome D&tabase
National Institute of Standards and Technology (NIST) Mass Spectral Fatdims&egistry
of Mass Spectral Ddftaa n d A ldiemntificatiorEskential Oils Components by GC/MS

It should also be mentioned that recently patented technologies that provide vag;able ener
electron ionizatiéh**{ vi z., tandem i onizati on fopizato* 0 s o f
have been successfully used in untargeted G&¥>8udies. Their main drawback, however,
the limited potential for features identification due to the lack of available databases.
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Spectra acquisition frequency, together with resolution and resolving power, are important
characteristics that may have a role in the effectiveness of uraaajgsexi The highly efficient
separation, correlated to the effective band compression in space provided by thermal modulatior
produces very narrow modulated peaks-Wiedhks can, in fact, be as little as3@M ms at the
baselinew), thus requirigp faster scanning quadrupoles anddirfiight analyzerghat achieve
suitable acquisition rate for accurate peak defiffitidnost TOFMS systems used for GCxGC
opegate at 10200 Hz at unit mass resolution thereby providing adequate sampling density for
effective spectra deconvolution.

Of the technologies capable of achieving high mass resolution, high mass accuracy, and ve
fast scan speeds, T@Ralyzerare mosoften used, despite their limited application in the field
of food-omics. A system commercialized by Agilent Technologies (Santa Clara, CA, USA) perform:
tandem mass spectrometry by coupling adselution quadrupole filter to provide collision
induceddissociation before the HROF. Its application to a food related matrix, tdymulus
lupulud..) for beer productioff resulted in a wide coverage of different detectabigeana
Depending on the specific genotype, 210 to 306 unique compounds were detected, with 9¢
positively or tentatively identified. The authors described a workflow for consistent identification
of untargeted candidates througstepby-step procedure ceisting of: 4 lowresolution MS
fragmentation pattern search for similarity with candidates in commercial ldpreoiEguency
verification for molecular ion and base peaks mass acedragp() for candidates with a direct
match facto©® 0@; © 'D linear retention indeXY) consistency for isobaric compound&(q
units) and ¢) position/relative retention over the 2D structetention pattern to complete the
putative identification of unknowns.

The role of'l" is critically important fodisambiguating isobaric compounds that yield
similar fragmentation patterns. Popular libraries, such as frofhaitBWiley° now incorporate
experimental and estimated retention indices into compound records; and popular MS searcl
software, such as the NIST MS Search software, include rételetxonconstraints.
Conventionally values for analytes are computed from their retention times by piecewise linear
or logarithmic interpolation from the retention times and inditesatibration standardsg.the
Kovats or Van den Dool Indexes fraralkanes. Recently, Reichenbach*at@eloped an ad
hoc method forl™ computation that does not requifestandards, but instead uses putative
identifications returned by comprehensive, untargeted MS search based on the analytes detected
GCxGC. Based on the analysis of a terg#stasdard mixture, a consist€ntalibration was
derived from 15 of the 21 most concentrated analytes. (Three analytes were eliminated because tr
library record did not have an experimehtaid three others elingited because of inconsistent
I",indicative of misidentification.)

4.2.4 Features and strategies for untargeted cros®mparative analysis

The goal of untargeted crassnparative analytical strategies is to examine the distribution of
all constituents in each and every sample of a set in a context where the chemical characteristics
not knowna prioriTherefore, characteristic featura{gt be comprehensively generated for each
and every constituent. Within those features, mass spectral (total and/or selected ion) intensitie
provide the most comprehensive array of information for chemical identification and
relative/absolute quanti@ti. As previously discussed, to achieve suitable method specificity,
untargeted features must #: qomprehensive, to cover the full sample dimensionglity; (
selective, to avoid major components obscuring minor yet informative constitusatshé¢d
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across all chromatograms, to avoid incorrect comparisong)) @udufate, to catch subtle
differences between samples.

4.2.4.1 Approaches for feature generation

Different types of features have been used for untargeted investigationsx@aMNEE;
specifically: datapoints, tiles, and regions; peaks; anggienk. Datapoint features compare
chromatograms based on the 2D arrays of@&Cdataj.e, each datapoint is a feature. For MS
data, each datapoint is a mass spectrum. Tile and regionifeadassthe granularity from single
datapoints to subsume multiple datapoints per feature, with rectangular regions for tiles and mor
general shapes for regions. Peak features subsume multiple datapoints for each analyte pe
detected in each chromatagr&eakegion methods define a region feature for each analyte peak
detected in a composite of all chromatograms.

Important considerations for choosing an approach include the difficulty of generating
features, the ease of effective chemical interpretbteatures, and the ability to comprehensively
match features between two or more chromatograms fesanogke analysis. Each approach has
advantages and disadvantages, which are discussed at more length in the following sections, &
each approach ideen used for successful radtnple analyses. In general:

1 Datapoint, tile, and region features are relatively simple to generate and match comprehensively acro
samples but are not especially well suited for interpretive analysis of individuehtonEliese
approaches may be best suited for quickly evaluating chromatographic regions or groups of analytes fi
further investigation by other approaches.

1 Peak features are, principle ideal for chemical interpretation because so long as a sikgke pe
separately detected for each analyte, there iaom@ecorrespondence between analytes and features.
However, in practice, peak detection is challenging and imperfect for complex samples, which effectivel
renders comprehensive matching acrasy isamples incomplete and/or error prone. This approach
may be best suited for analyses that yield easily interpreteddoum m@hensive resuksg.targeted
analyses.

1 Peakregion features require the mosfropt workfi datapointlignment is required for creating a
composite chromatogram and peak detection is required to define-tlegipadkature$ but the
resulting features are comprehensive, related to individual analytes, and inherently matched acro:
chromatograms. Th&pproach may be best suited for comprehensive, easily interpreted analyses
provided that more ufpont effort can be justified.

4.2.4.2 Datapoint, tile and region features

An early approach for comparingX3&C chromatograms used datapoints featurestdirst
FI D si gnal drateframhanalysis ofhvariantes (ANOVA) and principal components
analysis (PCA) and, later, for MS data with PCA for selected chidftatsl with pointwise
summed ratios for MS spectrahannel$®In 2015, Pierce et al. surveyed fixell GG GC data
analysis, including fingerprinting and pattern recogmitidhe Synovec Lztpioneered and
continues to demonstrate this approach.

Datapoint features require no extra computation to ¢en€hey are comprehensive of all
analytes and provide the highmestsible precision in thetention timgplane, but there are many
duplicative features.g, multiple datapoints) per analyte, which means there is not a simple
correspondence between lgies and features,and which requires substantially more
computational complexity for cresanple feature analysis. Matching of datapoint features across
samples is straightforward, kaiention timeariations introduce matching errors unless alignment
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is performed exactly. Various methods for aligning 2D chromatograms have been proposed, bu
none promise accuracy to within a datapoint.

Tile features, by subsuming rectangular regions of datapoints, are more computationally
efficient for crossample amgsis and less susceptibleet@ntion timemisalignment. Also, they
reduce the number of features per analyte, but they do not yield one feature per analyte (nor on
analyte per feature). Marney etwded tile features to reduce the feature set size and diminish
adverse effestof chromatographic misalignment. Results indicated that this approach enhanced
pattern recognition of true positives while simultaneously reducing the likelihood of detecting false
positives. Although this approach is more computationally efficiesgsasusiceptibleretention
times misalignment, it is not fully selectiegthere may be multiple analytes per tile. Still, it may
recognize informative patterns in such tiles if the informative analyte is not dominated by other
analytes in the tile.

Region features have the advantages of tile features vis a vis datapoint features, but regic
features can be defined to provide a better correspondence between analytes and features whi
makes chemical interpretation more straightforward. However feagjioes require a process to
delineate regions. It can be relatively simple to define regions fetygeoapalyses, but, as
discussed below for peagion features, it is more complex to define regions that provide one
one correspondence with iwvidual analytelike datapoint features, tile and region features are
implicitly matched (after alignment) across chromatograms fesamyte analyses. Honeywell
UOP demonstrated region features in two standard methods for petroleum analyse&&ith GC
FID ,*55"for which grougtype analysis is important, but region features are less well suited for food
omics, for which analyses of individual compounds may be critical

4243 Peakbased features

Peak featuresd, detected peaks with their metadata) provide a relatively straightforward basis
for crosscomparative analyses of targeted analytes beat@upeocessing need only identify the
detected peak for each target analyte, using its known characteristics, in each chromatogram. The
detected peaks for each target analyte are explicitly matched across chromatograms. Untarget
crosscomparative anaes with peak features are more difficult because there is no explicit
matching of peaks across chromatograms. So, before performingropzsssons of untargeted
analytes using peak features, the software must match unidentified (or putativedy jobki
across chromatograiiisa process usually referred to as peak matching or peak tracking.

Peak features proceed from peak detection performed on each chromatogram. Ideally, peak
matching results in a list of all analytes in each chromatograrer hawesto coelutions (discussed
in Section4.2.6), chromatographic variability, and noise, the peak lists will have merge€, peaks (
multiple analytes per feature), fractured peek(ltiple features per analyte), displaced peaks,
undetected peskand spurious peaks. Moreover, some analytes might be detected in some sample
but not in others. Thus, the peak lists vary among chromatograms, which makes matching of peakt
across chromatograms extremely challenging. For untargeted analysis o$aopipexpeak
matching invariably results in many peaks that cannot be confidently matched across
chromatograms, so the resulting analyses are not comprehensive and/or error prone. Howevel
many automated methods have been proposed and demonstratedapptbéod is used in
LECOG6s Statistical Compare (SC) software (L

Our previous literature review of &GC peak features for comparative anabysssribed
pioneering work from 1999 through early 2011. Sinceothenyeviews covering methods with
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comparative peak features include those by Pier¢éSteley and Seegleghin and Marrioff
Tranchida et &' Reaser et af.and Berrier et &

4.2.4.4 Peakregions features

Peakregion features attempt to define one region in theet@Dtion timeplane for each
analyte peak. Peddgions seek to achieve -bestureto-oneanalyte selectivity, as do peak
features, but with implicit matching of the sameneggdn across migte chromatograms, which
peak features do not providagure 4.2.3 shows the contour plot of a Yunnan tea extract
submitted to oximatiesilylation to map primary and specialized metabieigase 4.2.3A shows
the distribution of targeted 2D peaksdgrarcles) and connection lines with the internal standard
(IS- 1,4dibromobenzene) whitegure 4.2.3B shows untargetéthrgeted (UT) peakgions (red
graphics) that comprehensively cover the chromatographic space. The enlargédyarea of
4.2.3C highlights the position of the targetoline (green squared) and of the untargeted feature
#245 with corresponding spectra.
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Figure 4.2.3. Contour plot of & unnatea sample harvested after the monsoon season iMl208A) Shows targeted 2D
peaks, highlighted with green circles, and connection lines with the internal gtar3&y&Hows the distribution of UT peak
regions, identified by rgdaphics, comprehensively covering the chromatographic space. Enlatg2@ @)daghlights the
position of the targeted peafetoline and of the untargeted pesdion #245, together with their corresponding spectra. The

Page |167



column set was configured@ows:1D DB-5 (30 m x 0.25 mm ID, 0.25 pym df) arfdadV-1701 (2 m x 0.1 mm ID, 0.1 um
df). Thermal modulation by lotype modulator. Modulator capillary: 0.80 m ofRhmlumn, leaving 1.2 m for the separation
process. Oven program: 75 °C (1 @ir®90 °C (15 min), rate 4 °C/min; Bs. From Stilo et &.

Reichenbach et®¥F°® and Schmarr et 4f’described similar peedgion approaches. After
preprocessing, the source chromatograms are aligned then caenfpisietply by addition or
other fusion operatio)i$to form a single composite chromatogram that comprises peaks for all
analytes in all samples. Then, a region for each peak detected in the composite chromatogram
recorded in &eature template. Finally, each source chromatogram is analyzed by geometrically
remapping the feature template back to each source chromatogram.

Ideally, peakegion features are comprehensively selective, accounting for each and every
analyte, and feawrmatching is implicitly performed by mapping the template to each
chromatogram. In practice, coelutions and variable retention times complicate the definition and
application of peategions, just as for peb&sed features. For &GC-MS datasets, coebris
within a peakegion can be addressed with quantitative ions in some cases, but deconvolution
(discussed i®ection 4.2.4.5 is required for coeluted analytes with similar spectral signatures.
Variations in retention times are addressed by geonagtsiotmations in the retention times
plane, as described below. Reglons are supported by GC ImagexGC and L& LC software
(GC Image, LLC, Lincoln NE, USA) in its Smart Temilateghich also support peak features
for target compounds and other réjiabatched peaks.

Chromatograms must be aligned to construct a composite chromatogram from which the
feature template is extracted, and the feature template must be realigned to analyze ea
chromatogram. (Note that the transform to align a chromatogridwe ¢omposite can be inverted
to map the composite feature template back to that chromatogram.) The task of chromatographic
alignment for peategion features is related to the problem of peak matching for peak features; in
fact, the most common approasichromatographic alignment is to parameterize a transformation
model using a set of matched peaks.

4.2.45 Features based on spectral deconvolution and subtraction

Coelutions confound feature extraction regardless of the approach and type ofdbaiare a
because the raw detector signals result from more than one analyte. Spectral deconvolution see
to provide suitable specificity and the foundation for confident identification of relevant features.
The most common algorithm for spectral decorigalig AMDIS, developed by NIST, nowadays
implemented in number of different vendor instruments. AMDIS extracts mass spectra, then fits a
leasts quares regression model to the compound:¢
process involves four seqtial steps: 1) noise analysis, 2) component perception, 3) spectrum
deconvolution, and 4) compound identification. However, AMDIS is incapable of unambiguously
identifying lonconcentration analytesinhglo ncent rati on matriam& un
scans exist in the total ion current g4k

L E C OKEEO Corp., St. Joseph, MI, USKata analysis spectral deconvolution algorithm, is
based on finding at least one unique target compound mass spectrum from peak scans in whic
chemical noise is minimfal® Once found, a system of simultaneous equations is used to
deconvolve the remangi peak scans. This process is more akin to chromatographic deconvolution
than otrued spectral dspeedsignaldransmissionrof T@mfidtersitot  r
provide the necessary data density. Because chromatographic profiles chaaggplétom s
sample, even within the same satyple it is critically important that the data analysis be
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independent of the matrix. Toward this end, the combination of both spectral deconvolution and
mass spectral subtraction algorithms provides a symeqgisbach resulting in the potential
identification of all detectable compounds in complex samples analyzed by either 1D or 2DGC
MS73

For example, Antle awd-worker$*developed spectral deconvolution software for GGxGC
MS analys of polycyclic aromatic hydrocarbons (PAH) and sulphur heterocycles (PASH) and their
alkylated homologs in heavy hydrocarbon fractiensr(ide oil and refined products, coal tar,
and (Athabasca) tar sands). The authors used the deconvolutigntstrdésdify constituents
and then modelled 2D component maps for these compounds to predict how they weathered in
the environmerfé

Also, Robbat and emorkeas™ developed optimidespectral deconvolutiéMS subtraction
algorithms to automate untargeted/targeted workflows. Once target compounds are identified by
spectral deconvolution their spectra are subtracted from the TIC, resulting in peak signals tha
approximate the basdimr residual ion signals due to one or more coeluting compounds. If
residual ion signals correspond to one compound, the peak maxima (or average) spectrum ar
retention time, if available, are compared to commercial libraries (NIST, Wiley, Ajlams, etc
Although analyte peak areas are typically determined by deconvolving target compound signa
(untargeted compounds become target compounds once input to the software), MS subtraction ca
also determine the peak intensities of unknowns. Annotations fifiegleotmpounds include
chemical name, retention timel'or 6 cl eandé mass spectrum (for
their abundances (for deconvolution), relative peak area, etc. For compounds that cannot be
identified, univocal identifiers are inplitissociating retention timed'grspectra, relative peak
areas, and sample information. If subtraction of the mass spectrum indicates multiple compounc
coelution, the above process repeats until residual and background signals approximate or
another.

An example of how spectral deconvolution with MS subtraction was used to identify volatile
specialized metabolites in tea leaves by G@#*&€8is shown irFigure 4.2.4. First, pectral
deconvolution of target compoundsdhanone (228) and terpinolene (230) found in the TIC peak,
foll owed by MS subtraction of each compound
not approximate background signal. Second, the-boraing algorithms inspect the residual
peak spectra, determining an invariant spectrurcfongnene (n=229 positively matched with
NIST and Adams libraries). After the spectrum for this compound was subtracted from the TIC,
the fragmentation pattern fonknown G48 (232) was invariant until signals from 231 and 232
caused subsequent spectra to differ. Because the methyl benzoate (231) spectrum dominated &
was invariant between the tail of 232 and rising signals from 234 and 235, its spectruth, subtracte
from the TIC, yielded the spectrum for undecane (233). Finally, linalool (234), a target compound
when subtracted from the TIC, yielded residual, whose peak scans were constant, unknowns G4
and G50. The figure shows the spectra produceddbyticy ompounds at specific times along
the TIC peak prior to deconvolution and MS subtraction. Subtraction of the targeted/untargeted
compound spectra from the TIC results in a signal that approximates background (black line).
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Figure 42.4. lllustrative example of the MS subtraction used to identify volatile specialized metabolites in tea leaves by
GCxGC-MS27.28The TIC trace (bladine) is subjected to sequential deconvolution and MS subtraction to isolate clean MS
spectra for celuting aalytes. The detailed description is prdvidthe text. Numerical coding for spectral features is as follows:
#228 2nonanone (dark green); #228ymenene (red); #230 terpinolene (purple); #231 methyl benzoate (orange); #232
G48/unknown (blue); #233-undecane (black); #234 linalool (green); #235 G49/unknown (light green); #236 G50/unknown

(pink).

4.2.5 Untargeted investigations in the food domain
4.2.5.1Food volatilome and odorant patterns

Food volatiles are an interesting example othigplexity mixtures, resulting in thousands
of detectable components that belong to different chemical classes. For this reason, thanks to i
high dimensionalify the food volatilome is often used as a test bench to develop new
fingerprinting approaches in untargeted explorations.

In a study focused on roasted hazelnGsry{us avedlan.)'* advanced untargeted
fingerprinting methods were applied to investigate sample origin discrimination.-feggopsak
features approach was adopted to baitthsenseisplate composed by 422 peaks matched across
the set of chromatograms. Pattern reitiogrby template matching using a ieqearesptimal
retention timetransformation, was set to establish 2D peaks correspondences while adding
additional constraints on MS fragmentation pattern similarity. Within the 422 untargeted features
a subsetof 79 analytes with known information potenéia.ihdicators of thermal treatments,
potent odorants or lipid oxidation products) were identified. The combined untargeted and targetec
investigation was successful for both fast, untargeted originieatibarand qualification based
on sensory characteristics.

Peakregions were also adopted by Schmarf°éd atudy volatile patterns from apples, pears
and quince fruit. Researchers designed a workflow based on 2D gel proteomics, as illustrated
Figure 4.2.5, where 2D images were fused and merged into a consensus pattern accounting fol
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more than 700 volatiles. This template pattern was then propagated to all imagd3elg BBing
softwar€&€he approach is comprehensive, since it computesolkechiomatographic information
collected in all experiments, and relatively fast in terms of computational time. Data analysis b
diverse pattern recognition tools allowed consistent clustering of similar samples with good
prediction performance for unkmoes. The main limit of this workflow is related to the
identification of unknowns that is only possible witHiredf operations back to the original
acquisition softwared, HyperChroon XcaliburThermo Fishgr
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Figure 4.2.5. Workflow for the peakegion features untargeted fingerprinting proposed by Seha#érSteps: (1) samples
preparation and analysis by$FBVEGCxGC-gMS; (2) transformation of the 2D chromatograms inbit 82ages; (3) storage

of the 2D images iDelta2D software; (4) positional correction through warp vectors resulting in images congruency; (5) image

fusion and volatiles mapping; (6) detection of spot consensus; (7) application of spot consensus boundaries tdall 2D images
gray level integiah; (8) extraction of volatiles profiles obtained by quantitative data resulting from integration. The analyses were

performed through a column set consistingtbf SolGelWax (30 m x 0.25 mm ID, 0.25 pm df) aAD @omposed by OV

1701 (0.15 m x 0.15miD, 0.15 pum df) and a BPX(2 m x 0.15 mm ID, 0.15 um df); column connections were made via
pressfit connectors. Dugét thermal modulator. Oven program: 50 °C (5 min) to 235 °C, rate 6 °C/min (condition 1) or 50 °C (5
min) to 225 °C, rate 5 °C/minofadition 2); R 7s. From Schmarr et?al.

Longterm studies pose another challenging problem for effective untargeted fingerprinting
because of shifting chromatography profiles, which makes analyte/patigmment difficult.
Stilo et al® simulatedthromatographic misalignment by analysing volatiles from extra virgin olive
oil (EVOO) samples with two different instrumentalipst characterized by different carrier gas
linear velocities and with different modulation periBds The combined Untagged and
Targeted (UT) fingerprinting approdtivas optimized by selecting-pegcessing parameters:
signatto-noise ratio (SNR) detection threshold, type of reference spectra for template construction,
and similarity match factor thresholds. The computation was extended to about Ir&fiomeak
included in the template, of which 257 UT peaks weablyeihatched across-lait-one
chromatograms. The best performing realignment function was the-csdeorblynomial
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transform that, combined with optimized thresholds, enabled an averagatctosg of 97.95%
betweerPicuabils analyzed with sevenesalignment.

EVOO volatiles were studied\WdgzFreire et at?who adopted a datapoint features approach,
based on image processing with dedicated softevagg{National Institute of Mental Health,
Bethesda, Marylandsl)to discriminate EVOOs belonging to three olive cultiver&éalega
Carrasquerdnad Cobrapsa obtained either with a metal hameganter or a traditional metal
hammeipress. The 2D contour plots were transformed PiEiSformat digital imagesonverted
into grey scale images, and then virtually divided in 12 quadrants (each 1,0DCznich #sein
the 2D): the quantity of pixels for each quadrant reflected the presence of different compounds,
and the values obtained were then submiti@tetoometrics. Informative compounds capable of
discriminating cultivars and extraction technology were highlighted and submitteédrgepogt
in the acquisition softwareef L ECO&6s Chr omaTOF software, LEC
Authors state that a simple untargeted approach could be an effective alternative when
fingerprinting is the maabjectiveand a full characterization of samples is not required.

Sensory analysis can guide -favgeting toward informative compounds with high
discrmination power. In a study by Da Ros ¢t mlonovarietal Italian EVOO and commercial
blended EVOO samples were screened for sensory profile by a panel test and then profiled fol
their volatiles by GCxGTOFMS. Monovarietal oils were found to be characterized by higher
intensity of positive sensatftributes (apple, green grass/leaf, aromatic herbs) and absence of
defects (muddy sediment, fusty, winey/vinegary, rancid, musty). An untargeted/targeted
investigation based on peak featle€ QO ChromaTOF softwayevas developed to differentiate
the twogroups of oils of different quality, subsequently searching for the analytes responsible of
the different sensorial perceptions. Above all, the comrb&nded EVOOs were characterized
by a larger number of volatile markers, including also thoseutimigtio negative sensory notes
(2-phenyl ethanol, isoamyl alcohol, isoamyl acetatez-etailyl benzene, ethyl hexanoate, 3
methyi2-butenl-ol, 3hydroxy2-butanone), while some minor components, with positive odor
qualities, were only found in themavarietal EVOOs group.

Consistent with the aboweentioned study, some interesting applications used GC
Olfactometry (GED) to guide analyte pestrgeting. Barbara et‘adxamined the impact of the
grape maturation degree and maceration times on Syrah wine aroma. Untargeted peak featur
resulting from GCxGE OFMS analyses, were submitted to supervised chemometrics to highlight
discriminant analytes. Of them, \#8reidentfied and correlated to perceivable and pleasant
sensory notes arising from @3OSME (from'YDZ) &reek word for odor). Results enabled
determination of an optimal maturation degree at 19° Brix accompanied by a volatile fraction rich
of compounds contribuityy to pleasant odors with higher persistence and intensity.

Chin et al? adopted an integrated &GC/MDGC system with FID/O/MS detection to
guide the identification of odor active analytes from Shiraz wine and coffee powder. In this study,
the separation power of ®GC and/or hearcut 2DGC (H/C-2DGC) are combined to the
specificity of olfactometric detection that offers the unique opportunity of directing the post
targeting of unknowns toward sensory active analytes.

Peak features were used on an untargeted basis for autlcenficibation of protected
designation of origin (*Mbneysanplexn(e=$7d) fromaCorsital e d
(n=219) and from other European countries (n=155) weailgzad for their volatile fraction
composition. Peak features significantly varying in their intensity among the two groups were
subjected to pogargeting, with 26 of them tentatively identified. Advanced chemometrics
(artificial neural networlBsANN, linear discriminant analy8ieDA, soft independent modeling
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of class analogi@sSIMCA, and support vector machideSVM) were applied to discriminate
Corsican honeys from others. The model constructed by SVM presented the best results, with .
sensitivy of 93.2% and a specificity of 87.2%.

The challenging problem of climate change and its impact on food was tackled by Morimoto
et aP” who studied thé@uerhtea volatiliome from samples harvested in the Yunnamggovi
(China) at different elevations during thegd postnonsoon seasons. The study combined the
UT fingerprinting by template matching on the total detectable volatiome with spectral
deconvolution and subtraction for effective analytes targetipgrticular, by pealkegions
features matching, 2D patterns were mapped and untargeted featligegdreacross all
chromatograms. First, this approach, conducted with tools available in the GC Image software (G(
Image LLC, Lincoln, NE, USA), resultedha tentative identification of 107 of 300 detected
compounds by spectral similarity dndcongruence. Second, spectral deconvolution, by lon
Analytics software (Gerstdijilheiman der Ruhr, Germany), was conducted on the raw signals to
detect known compounds, followed by (MS) subtraction of their spectra from the total ion current
chromatogram to reveal untargeted compounds, as describedrigaried.2.6 illustrates the
process adopted to validate the strategy that combines untargeted/targeted fingerprinting by peal
region features and template matching to sequential spectral deconvolution and subtraction.

Unknownsd spectr a we-housetnspectidrariesko allow furthdre d w
putative identifications. Of the 300 features, 34% were positively identified with reference
standards, 42% were tentatively identified by spectral matchitg omdjruence, and the
remaining 24% were recoded as unknownsaudthers concluded their comparative evaluation
by suggesting an integrated strategy that combines the effectiveness, in terms of computation
time, of peakegion features fingerprinting to comprehensively map complex 2D patterns followed
by spectral deoov ol uti on and subtraction to highlig
directing postargeting.
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Figure 4.2.6. Flow-charts illustrating the stbg-step procedures applied to cresiidate untargeted/targeted fingerprinting of

tea leaves vaile metabolome by combining peegion features pattern recognition (by GC Image software, GC Image LLC,

Lincoln, NE, USA) and deconvolution followed by MS subtraction (by lon Analytics, I@eltben an der Ruhr, Germany
From Morimoto et &’

Untargeted investigations were applied to supporkiey strategies on cocdadobroma
cacadMagagna et ladoped peakegion features fingerprinting to characterize cocoa volatilome
by analging samples from seven geographical origins (Mexico, Java, Sao Tome, Columbia
Venezuela, Ecuador, and Trinidad) and different processing stages (raw, roasted, steamed, a
nibs). The 2D peaks patterns were mapped by combining both untargeted and targeted features |
the UT fingerprinting workflow. The resulting data set, accounting for 595 reliable peak regions
including 130 known analytes, was adopted for classificatidis@irdination purposes, to
explore origin, process, and sensory profile signature. In particular, raw and roasted cocoa we
grouped in 3 clusters depending on their origin, and a strong accordance between targeted ar
untargeted fingerprinting resultswwevealed. The authors argued that, for classification and origin
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discrimination purposes, full untargeted fingerprinting could be preferred, being effective, efficient,
and less timeonsuming than targeted analysis.

Humston et af-*?studied cocoa volatilome to define robust markers of moisture damage. The
authors selected cocoa beans of different geographical origin and efignaektent of moisture
damage (usually associated with mold formation). Untargeted investigation by datapoint feature
with PARAFAC, mathematically resolved analytes of interest from background noise and by
interferences, providing useful quantitatif@mmation. Twentpine informative peak features
resulted from the Fisher ratio algorithm on-mahdy vs.moldy cocoa samples. They were
successfully identified and quantified along 8 different time points. Prediction algorithms were als
designed to datmine whether moisture damage occurred before any visible sign of mold.

4.2.5.2 Fatty acids methyl ester§ FAMESs

Fatty acids (FAs) profiling and fingerprinting provide an interesting example to show the power
of GCxGC-MS, especially for its peculiar absaristic of generating ordered patterns for
chemically correlated compourehss from plant and animal origins are generally characterized by
homologue series with even carbon number within iH&, @ange. Analysis by gas
chromatography requires tramsfation of FAs into their methyl ester derivatives, namely, fatty
acids methyl esters (FAMEs). For odd carbon number FAs and/or branched derivatives,
commercial standards are not reaibilablea crucial impediment for a targeted approach.
Despite these shortcomings, Tranchida andwvookers:? described the role pestocessing
played in targeting potential biomarkers and/or their disambiguation.

The signature of FAMEs from a refined hazelnuts oil was ineeStigath a polax apolar
column combination and thermal modulation. The enlarged area of-@24CGGtion region is
shown inFigure 4.2.7A. The authors performegh untargeted fingerprinting, based on peak
features, to reveal compositional differences within sampéestmictureelated patterns were
further explored for posargeting. FAMEs are aligned along diagonal retention lines showing
increasing relative retention based on carbon number (alti)gaihe presence and geometry of
double bonds (along tf@). Mathematical functions helped in locating unknowns while assigning
putative identity in absence of reference compatifid¥hanks to the enhanced sensitivity,
provided by band compression in space of the thermalatowl, a series of rather unexpected
odd FAMEs appeared on the 2D space plane; they wgr€::@ Gs.q Gsq Ciot, Gi7:a Gi7s €tC.).

Delmonte et &.went further in generatingtention patterns for a FAMESs fraction prepared
from human colon adenocarcinoma cells. Binensample hydrogenation, obtained at the
conjunction between the two chromatographic dimensions of h8GEID system, FAMESs
derivatives were chemically rfiedi providing highly informative retention patterns.
Hydrogenation of the analytes was accomplished using the carrigibggsadsing it through a
fused silica capillary coated with Pd installed immediately before the modulation capillary. The
resulthg elution pattern, illustratedrigure 4.2.7B, shows increasing retention along the first
dimension for analytes with the same carbon number but with different numbers of double bonds.
Parallel elution series, along?fheenable effective pestrgetng even for very complex mixtures
as for menhaden fish oil.
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Figure 4.2.7. Contour plot 4.2.7A) obtained by GCxGEID of FAMEs from refined hazelnut oil. The column setiDaSR
2560 (100 m x 0.25 mm ID, 0.20 pm df) @me®V-1701 (0.9 m x 0.25 mm ID, 0.25 pm df). The modulator was a longitudinally
modulated cryogenic system (LMCS). Oven prog/g@niC to 250 °C (10 min), rate 3 °C/mingR. For peaks identification
refer to the original paper from Tranchida &tlzxduble bonds DB. Contour plot4.2.7B) obtained by GCxGEID with on+
line hydrogenation of a FAMEs fraction prepared from haoolan adenocarcinoma cells. The column setv8sBIL111
(200 m x 0.25 mm ID, 0.20 um df) @BdSLBIL111 (2.75m x 0.10 mm ID, 0.08 um df). Thermal modulation byypep
modulator. Modulator capillary: 2 m x 0.10 mm ID of deactivated fusedpgillagydor the first stage and 0.25 m otlthe
column for the second stage, leaving 2.5 m for the separation process. Oven program: 130 °C (23 min) to 220 °dnrate 1.3 °C/m
Pw 2s. For peaks identifications, refer to the original paper from Deld¥lafit&eprinted with permission from (P. Delmonte,
A.R. FardirKia, J.I. Rader, Separation of Fatty Acid Methyl Estersd3n@®@ Hydrogenation x GC, Anal. Chem. 85 (2013)
151'81524). Copyright (2013) American Chemical Society.

4253 Food metabolone

Food metabolomics is an emerging area whexé&&GQould be of great heélfoTo better
understand the interconnection between food chemical composition and variables influencing i
(e.g. crop botanical origin, harvegtiarea, climate impact, pbatvest treatments, storage
conditions, and shdife), comprehensive untargeted investigations provide larger candidates lists
with higher intrinsic informative power. ReRérez et af® investigated primary and specialized
metabolitesi.g, formerly defined to as secondary plant metabolites) in onions to undeestand
effect of cold storage, to prevent early sprouting and rooting, while acquiring knowledge on bulb
composition and storability. Onions of different genotypes were selected and analyzed fresh an
after 5 months of storage; 120 peak features exhibiéthgiel differences as a function of
storage. Among them, 56 features were submitted t@meEting resulting in 43 analytes with a
putative identification (spectral matching*8jénd 21 that remained unidentified. In addition,
by untargeted peaflistribution, it was possible to clearly discriminate the three studied genotypes
in fresh onions while evidencing a confounding role of storage in this discrimination.

Wong et at!focused orfcucalyptspp. leaf oil analyzed by &&C coupled to high resolution
TOFMS. The detailed untargeted profiling, based ah fpatures, of specialized metabolites
enabled effective chemotaxonomic classification, correctly discrirBuneaiygtspecies under
study while opening further possibilities to explore synergistic relationships between chemica
components. More tha400 metabolites were detected; of them, 183 were identified-by post
targeting combining mass spectral profile, mass accuradly, @hd power of HRMS was
exploited through confident identification of an extended list of metabolites that brings the
chamical investigation closer to biologic outcomes.

Peakregion features fingerprinting was successful in deepening the understanding of extreme
climate events (drought and temperature) oG &mae(lia sinehsiprimary metaboloni&By
UT fingerprinting on tea hydrophilic extracts submitted to a standard oxgihdaton
protocol, primary metabolites generated complex 2D patterns accounting, on average, for 760 U
peak regions. Of them, 74 analytere putativelgientified and their biological meaning

Page |176



validated over available literature. Moreover, the untargeted comparative visualization of 2D
patterns supported the fingerprinting process by making easier the location of compositional
(absolutand relative) differences between santjipse 4.2.8 shows a comparative

visualization, by visual features fingerprinting, between a Yunnan tea harvested at high elevation
(4.2.8A) and a Fujian tea harvested at low elevdt®8R) both during spring seasesa

reference sample from Fujian but harvested at high elevatiamnsé@aomparison is rendered

with a colorized fuzzy differenBel x saturétisn (colorsgrey tones) indicates the magnitude

of the difference betwe#re analyzed and reference images, with grey indicating equal pixel
values and bold colors (green or red) indicating large differences. Enlarged areas corresponds to
monosaccharidea/ €) and specialized metabolites belonging to the chlorogenic acdaand fl

3-ol classed(d). Untargeted comparative visualization, when implemented with UT
fingerprinting, enables the localization of key primary metabolites and other biomarkers
up/down-regulated comparing pmspos’emonsoon and higlvslow-elevatiortea samples.
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Figure 4.2.8. Comparative visualization, based on visual features, rendered with a colorized fuzzy difference of
metabolites. Paivise comparison is between a reference tea sample from Fujian Province (China) harvesesaio
and ¢.2.8A) a Yunnan tea from a high elevation 4iB@g) a Fujian tea from a low elevation. The magnitude of -
difference between analyzed and reference images is rendered by pixel saturation, with grey indicating equal
bold colors indicating large differences. Enlarged areas highlight absolute compositional differences of mono
(4.2.8 a/c) and specialized metabolites belonging to chlorogenic acid anB dlaslarset2.8 b/d). The column set w
configured as followt DB-5 (30 m x 0.25 mm ID, 0.25 pm df) arfaDV-1701 (2 m x 0.1 mm ID, 0.1 pum df).
Thermal modulation by lodppe modulator. Modulator capillary: 0.80 m ofRtmolumn, leaving 1.2 m for the separe
process. Oven program: 75 °C (1 min) to 290 °C (15 min), rate 4 °G/®$n;HPom Stilo et &B.

New technologies applied to-EB5 based on variable ionization energy systems offer new
possibiligs. In a study applying tandem ionization TOFMS, the primary metabolome of raw
hazelnutsGorylus avellagawas explored to better understand compositional differences

correlated to cultivar and geographical G&iBnUT fingerprinting, based on peak region features,

the authors delineated about 140 reliable analytes presdmitiona&lsample under study. Of

them, 108 analytes were putatively-gaogéted. Analytical data were examined to understand the
complerentary nature of tandem signaks 70 and 12 eV). Primary metabolites that are also
known precursors of ke@yoma compoundse.q. 3methylbutanal with isoleucine; -2,3
butanedione/2;pentanedione with monosaccharidedructose/glucose derivatives;5-2,
dimethylpyrazine with alanine:-fyirole, 3nethyi1H-pyrrole, and 1kbyrrole2-carboxaldehyde

with ornithine and alanine derivatives) were further investigated to validate linear correlations

Page [177



between them. When combined, tandem signals provide nassfedldation of results, support
posttargeting by improving the relative abundance of stroelated high molecular weight
fragments in the spectra, and extend the dynamic range of the method.

4.2.6 Concluding remarks

Untargeted analysis of &GC-MS data is undoubtedly the most profitable strategy for
exploring the food metabolome, its variations due to changing enguotsnate variability), and
its interaction with living organisnesg(humans, animals, microbes). MDA platforms provide
mut i pl e and orthogonal i nformati on about
spectrometry is used at the data processing level, the comparative process becomes specific
highly informative, enabling effective {tasjeting. Features, if consisteatiyotated and
recorded together with all avail ®akhewasal gn
their disambiguation/identification, when libraries and reference compounds are not available, cal
be postponede(g.in expostanalysis) uiitneeded €.g. until they become important sensory
contributors or health and environmental makers).

Although MDA platforms are rapidly evolving to produce robust, stable analytical systems that
provide increasing multidimensional, ddighsity data, sticsystems result in increasing data
analysis challenges due to the need univocally record and annotate detected features as well as
aligning them across multiple samples and over many years. To date, only a few software too
produce automatic, intugiv2D chromatograms processing with the possibility for supervised
investigation €.g. scripting) and personalized workflows. If we can conclude that analytical
chemistry tools are mature enough to tackl
affirm that analytical strategies and data processing alone cannot provide all answers
Comprehensive sampling, including all relevant variables modulating the phenomenon under stud
robust experiment design and interaction between experts in diffeqdimedisnie fundamental
to achieve higher level information. In this review, we found that the increased separation spac
offered by GBRGC coupl ed with MS feature akingmwmemdt
while providing the means to obtain the tdtgtkectable metabolome in agricultural crops and food.

We expect, in the near future, a wider spread of untargeted strategiasmiciyede know such
investigations will be successful and convince the analytical chemistry community of the rea
potental of these tools.
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431 Abstract

This review focuses on the role that GCxGC can play within the investigation workflows of
foodomics and related disciplines angb-disciplines, including food metabolomics,
nutrimetabolomics, sensomics, and food safety. After a short introductory survey, discussing th
intriguing context of system biology and integrationist approaches of investigation, the concepts o
analytical diensions and the kelaracteristics of GCxGC are introduced. Through a selection
of relevant examples, the boosting role of GCxGC withindoods is described, providing to
the reader evidence of how comprehensive multidimensional sedgaaatdngl&rms have
introduced new concepts and tools in the analytical measurement of complex biological samples.

Keywords

comprehensive twdimensional gas chromatography, sensomics, nutrimetabolomics, food
metabolomics, food safety
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4 3.2 Introduction

Comprehensive two dimensional gas chromatography (Comprehensive 2DGC or GCxGC) is
a highly effective realization of the definition of a multidimensional (MD) technique introduced by
Giddings in 198%70a separation system [igimatisional when i) all components of a sample are sut
to two anore separation steps, in which their displacements are dependent on different factors, a
more components are substantially separated in any single step, they should remain separatec
s epar at Ths definin oleady stateddhe concept of multidimensionality, restricting the
thencontemporary techniques that conformed with it tedimensional thin layer (TLC) and
paper chromatography, widely used by biochemists. It took only four years for JohntRhillips wi
ZayouLiu to materialidgs theoretical concept for gas chromatography (GC) and to develop a fit
for-purpose instrumenAfThe synergic achievements of the concepts developed by Giddings and
Phillips hag been the basis of other MD chromatographic techniques not only involving GC but
also liquid chromatography (LC) and supercritical fluid chromatography (SFC) such as LCxLC,
SFCxSFC, and SFCxLC.

As for all innovative techniques, GCxGC had to overttmeephases before achieving a full
recognition. Thatroduction and optimization of its theory and operation covered a time span of
about 10 years (192@00) during which the petrochemical industry played a fundamental role for
GCxGC development becaudeits continuous need to characterize high complexity Sdmple
Next, popularization of the technique covered another time span of about 10 ye204Z2001
during which GCxGC was opened to widely differing discipliriBisis development also
coincided with the routine intraztion of fingerprinting approaches in the biological studies in
which analysi s, or better a comprehensive
became fundamental for applications in the omics disciplines and in particular to metadg®lomics (s
below)® These years also coincided with a considerable evolution of the hardware, standardizatiol
of instrumentation, optimization of GCxGC couplinthwilS, and development of specially
dedicated softwatré®'Finally, during the current period, GCxGC has moved out of the academic
laboratories to enter routine activity even as analytical innovation influences the evolution of the
strategies of analyssgth e a d diutandshaét omet hods) .

In this context, research studies adopting GCxGC as primary analytical tool, should: (a) desigt
a suitable configuration of the analytical platform, by combining all relevant analytical dimensions
(b) define the ata processing approach that maximizes the effective extraction of relevant
information from raw data; and (c) apply suitable data mining to interpret results and achieve highe
levels of information about the phenomenon under study. The elementsatbttakapproach
are visualized iigure 4.3.1together with their interrelation with food omics investigative goals.
A detailed discussion of individual key elements is outside the scope of this contribution; reader
interested in more recent advanceme®tar @as
might refer to recent reviet$

GCxGC is nowadays a setinsistent technique fully independenntcomplementary to GC,
covering important fields of applications that rainm@nsional GC (13 C) cannot achieve with
a single analysis, such as the analysis of highly complex mixtures with more than 250 componen
the practical limit today achievahta wD GC.

After a (short) schematic introductory survey discussing the principles of system biology anc
the concept of analytical dimensions, this overview focuses on the role that GCxGC can play witt
the different disciplines and subdisciplines relatde food field (foodmics) including food
metabolomics, nutrimetabolomics, sensomics, and food safety.
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Food metabolomics Nutrimetabolomics

Chemical composition of food vs. Human metabolome perturbations by

v crop botanical origin  p_s2 — v dietary patterns
v harvesting area e TR v specific foods
¥ climate impact ¥ nutrients

: unsupervised/supervised .
v post-harvest ¥ micro-organisms

v'storage conditions  pata processing v bioactives

targeted/untargeted

Sensomics profiling ffingerprinting ' Food safety
I
Food hedonic profile  Analytical platform
Columns combination v Yenobiotics
¥ potent odorants Modulation technology ¥ Non-intentionally
v chemical odor code Detection: added substances
v volatiles patterns » (HR)-Mass Spectrometry ¥ Contaminants

v odor activity value " Olfactometry
v’ olfactometry = Parallel detection FID/MS

Figure 43.1.Main investigation goals of food omics (i.e., food metabolomics, sensomics, nutrimetabolomics, and food safety)
correlated with thgteps of a rational approach adopting GCxGC as primary analytical tool: analytical platform configuration, data
processing and data mining.

4.3.2.1 From reductionism to interactionism: the role of analytical chemistry

The complexity of biological systearsd the multievel interactions behind biological
phenomena have motivated the development and evolution of system biology, a discipline that trie
to model the complexity by unraveling higihéer network structures and relationships between
conditions taking into account the effect of molecular patterns on multiple.fargets the
opposite direction, at least from a conceptual viewpoint, chemical biology, growing in parallel to
system biology, offers wetinsoldated strategies and approaches aimed at pairing individual
compounds and targets. A o0one compound/ one
approach biology

Food chemical investigations moved from redustioto the integrationist mindset of system
biology® by following, from one side, the ever increasing demand fquhiik food with high
nutritional value and baxtive beneficial components, and, on the othertsedevolution of
analytical chemistry measurements concepts and tools. It was in fact foreseen in 1991 by R. Wils
in an editorial for Analytical ChemiS$ttiyat : A persistent research frontier is the analytical chemist
the mixtures of chemical substances generated by living organisms. The problems of sep
identification, and quantification of these mixtures are enormoosatéhaylaceldremikhmash. The
challenges they offer have demanded, and produced, many new concepts inichemical measuren

For chromatographers, 1991 marked a turning point with the first paper introducing the
concept and the tools to realize poghensive twdimensional separation in gas phaseand
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Phillips and presented the separation of a standard mixture obtained by ceagulag tino
capillary columns, a first dimensif) polyethylene glycol (PEG) column [21 m x 0.25 mm id x
0.25 um g and a second dimensidR)(apolar dimethyl polysiloxane column [1 m x 0.10 mm id

x 0.10 um g interfaced with a thermal modulator. The separation was achieved in 2.5 min with a
modulationperiod Py) of 2 s and a clear ordered pattern was obtained with a relative retention
over the separation space patterned by the

Since then, although with an 0i ndofiseterialon p
expert chromatographers who were not fully convinced of the advantages and potential of
GCxGC, the technique entered in several application fields as an alternati@&Ctorlas a
replacement of 12 The possibilities offered by improved separation, resulting in higher
separation power, efficiency, and resolution accompanied fmptognession in space, @i
improves methods sensitivity, make GCxGC the tool of choice to explore complex samples
chemical dimensioffsmatching integrationist needs for informative patterns of triggering
molecules.

However, to achieve a suitable informative level regarding sample composition, multiple
analytical dimensions must be combined appropriately Xt keat®n introduces the concept of
multidimensional analytical (MDA) platforms and illustrates common GCxGC configurations and
their informative dimensions.

4.3.2.2 Analytical dimensions

MDA platforms combine orthogonal principles of measuremengkhtioe hyphenation of
physicochemical discrimination by chromatography, electromigration, size exclusion, etc. an
spectroscopic techniquesg( mass spectrometry (MS), nuclear magnetic resonance (NMR),
infrared (IR), ultraviolet (UV), etc.). By colgctnultiplex analytical information, the process has
the potential of discriminating, identifying, and quantifying sample constituents, or homologous
classes, even when sample dimensionality is high and the presence of interferents might challer
the measr e me nt process. Mor eover, the higher t
collected, the larger the opportunities to comprehensively approaéftdod

Although the integrationist approach looks for patterns of chemicals rather than for single
components/ biomarkers, the analytical proce
identities and amoundsrelative or absolute. Bwhieve these goals, MS operating amasi
resolution or by exact mass assignments (witkresiglation MS HRMS) is fundamental.
Molecular features and functionality can be derived by fragmentation patterns obtained througF
electron ionization (EMS) either at standard 70 eV or at lower en&biesnolecular ions or
adducts produced with chemical ionizatioAM8); or by multiple fragmentations from tandem
MS (MS/MS or M3. However, due to the great compositional complexity of food fractions that
includes hundreds of isomeriswic components, univocal identification and robust quantitation
cannot be achieved if the measurement is not accompanied by adequate physicochemic
discrimination, provided by chromatography (1D or GCxGC). Moreover, when food sensory
properties are ohierest for the investigation, if not the primary aim, odor quality assignment
through olfactometry becomes an essential dimension of the analytical system. The section devot
to sensomics provides a deeper insight on the role of olfactométry,aoff-line, combined
with GCxGC platforms.

The separation power of @GC is undoubtedly a key characteristic that leads to the
production of highly detailed 2D chromatographic fingerprints with rationally ordered retention
structures that open new and irgBng perspectives for data processing, grouptype
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analyse€*while increasing confident identification of unkné®fs example, the appropriate
combination of columdimensions, stationary phase chemistries, and modulation dynamics in
rationalizing the retention logic of alkyl substituted pyrazines from roasted coffee, was discussed k
Ryanet af* and by Mondellet af* This was one of the first demonstrations of the advantages
provided by GEGC in grougtype investigations of food. The authors adopted a polar x apolar
column canbination {D PEG x°D 5% pheny} 95% dimethylpolysiloxane) and achieved univocal
identification by combining linear retention indi¢em(the'D, MS fragmentation patterns by El

and timeof-flight MS (TOF MS) and 2D retention logtegure 4.3.2 illustrates the ordered
retention pattern of twenty alkyl pyrazines from a roasted Robusta coffee sampled by headspac
solidphase microextraction (YME) followed by GCGGC-FID with a longitudinally
modulated cryogenic system (MLCS) operating with liquidsCé&yogen. Pyrazines follow a
rational order along thB by the molecular weight and alkylation degree, whereas aféng the

the relative retention is more strongly influenced by alkylation.

sgconds

minges

Figure 4.3.2. Ordered retention pattern of twenty alkyl pyrazines from roasted Robusta coffee volatiles sampled by headspace solid
phase microextraction (¥$ME). Compounds assignment are: (9) for pyrazine, (10néthylbyrazine, (14) for 2,5
dimethylpyrazine, (139r 2,6dimethylpyrazine, (16) forethylpyrazine, (17) for ZiBnethylpyrazine, (19) forethyi6-
methylpyrazine, (20) forethyt5-methylpyrazine, (21) for 2;&jnethylpyrazine, (22) forethyt3-methylpyrazine, (23) for 2,6
diethylpyrazine, 2Bethyt3,5dimethylpyrazine, (26) for 2ligthylpyrazine, (27) forethyt3,6dimethylpyrazine, (28) for 3,5
diethyl2-methylpyrazine. The analyses were performed by a column set consiffirgupeicowas0 (30 m x 0.25 mm ID,

0.25 mm) and @ SPB5 (0.1 x 0.1 mm ID, 0.1 mm). Thermal modulation was by longitudinally modulated cryogenic system
(LMCS) operating with liquid G&s cryogenics. Modulator capillary: 1 m x 0.10 mm ID of deactivated fused silica capillary. Oven
program: 60°C (5 min) to 280(5 min), at 1.5°C/min, and to 280°C (2 min) at 50°C/midsPFrom Mondellet a2

Many fermented primary maa¢s or processes for food have clear signatures of homologues
deriving from common biosynthetic pathwayg.ghortchain fatty acid® SCFAs and primary
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alcohols in cocoa fermentadigf® or whose formation derives from common reaction
frameworkseg.g.Maillard reaction in roasted fog@$® SCFAs, aliphatic alcohols, linear saturated
and unsaturated aldehydes, esterssfumad pyrroles are, among the others, compound classes
with rational retention logic that is of great help in identification and disambiguation.

Besides ordered retention logic, the roleDofl" is fundamental for disambiguating
isomers/isobaric compounds with similasM3 patterns. The most popular MS databases, such
as those from NISTand Wiley* incorporate experimental and estimated retention indices on
most common stationary phases, making possible by MS search software the application c
retentionindex constraints. This tign was pioneered by Mondello andwooker$?* who
developed one of the first interactidabases for flavordaftagrance applications. More recently,
Reichenbackt af! developed an algorithm fércomputation that does not require calibration by
standardralkanes or fatty acids methyl esters (FAMES). By this approaitve pentifications
obtained by automatic and comprehensive, un
from their retention times the locking points to compute piecewise linear or logarithmic
interpolation of’, e.g.the Kovats (with isbermal analysis) or Van den Dool Indiceslihear
retention indicesfrigure 4.3.3A plots, by piecewise linear interpolation functiows Library!”
for 21 analytes of a terpene standard mixtuaee those incorporated into database entry for the
top ranked analyte resulted by direct match factor (DMF) sinfiignitye 4.3.3B shows the
reliable model for preliminarycalibration without standardization, obtained by eliminating 3
entries (IDs 8, #18, and #21*) for which analyst supervision revealed incorpotated
inconsistencies.

First Column Rl Graph B First Column Rl Graph
y = Plecewise Linea(x) (R~2 = 1.0000) y = Plecewise Linea(x) (R*2 = 1.0000)
1,800 : : : ! 1,800
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Figure 4.3.3.IT calibration based on fitting the calibration model to the observed relationshiphesndehe top ranked
analyte resulted by direct match factor (DMF) simildr&@A) 18 of Top 21 analytes (3 #1 hits lacked libFgri.3.3B) 15 of
Top 21 aalytes consistent with piecewise lifezalibration model. Adapted from Reichenbacht al.

When the high compositional complexity of processed food prevents the clear identification
of component signatures, on both retention patterns and MS smelit@ted data processing
tools could be of help. If homologues patterns are mutually overlapped, the selective extraction o
diagnostic MS signatures from the third analytical dimension by scripting f#i¢tiGasable
effective isolation of individual components and classes accompanied by 2D visEajination.
4.3.4 shows pseudocolor images of whole dried milk volatiles extracted by dynamic headspace (C
HS) by means of polydimethylsiloxane (PDMS)41apA and4.3.4B) or by headspace sorptive
extraction (HSSE) on a PDMS sorptive pliagare 4.3.4Areports the TIC trace obtained by a
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polar x mediunpolar column combinatiorigure 4.3.4B shows the resulting image after
applying a CLI @iageEX @ Lirees SH, OIA) t4rg8teéd to linear saturated
aldehydes MS spectral signature (prioritizing 57, 82z)9%andFigure 4.3.4C shows selected
lactones (prioritizing 55, 71,18%).

SIM: 57,82,95 m/z
D-HS-PDMS

SIM: 99,71,55 m/z
HSSE-RDMS

Figure 43.4. Pseudocolor 2D images of a whole dried milk sample extradigthinic headspaceKI3) or by headspace
sorptive extraction (HSSH).X4A) The TIC trace of the sample headspadeSPDMS), 4.3.4B) the SIM trace of linear
saturated aldehydes (57,8385 and ¢.3.4C) SIM trace for lactones (55,71799) recovered by HSSEDMS. SIM images
were obtained by scripting with CLICE ExpressiD&oGel GC | ma ¢
Wax (30 m x 0.25 mm ID, 0.25 mm) ar® ®V1701 (1 x 0.1 mm ID, 0.1 mm). The system was equippealtwitistage KT
2004 loop thermal modulator (Zoex Corporation, Houston, TX) cooled with liquid nitrogen controlled by ®Wpiira¢8RA
Instruments, Cernusco sul Naviglio, Ml, Italy)s&and hejet pulse 0.25 s. Modulator capillary: 1 m x 0.10 mrh ID o
deactivated fused silica capillary. Oven program: 40 °C (1 min) to 170 °C at 2 °C/min and to 250 °C at 20 °Cfnon{5 min).
Nicolotti et al46

MS is a fundamental dimension of MDA for food investigations; besides its confirmatory role,
it can improve specificity in the croemparative analysis of large sets of samples while also
enabling confident untargetedestigationS Worthy of mentioning are MS platforms that operate
atvariable energy®®( vi z., Tandem |l oni zat i oniBnzatiofds of t
or those including chemical ionization .YCBy multiplexing spectra generation with -time
switching between two enerdfesnd thanks to a specific design of the ion source, efficient
ionization with minimal sensitivity loss is achieved even at low engrg@20 eV)*>>
Successful applications in food include volatiles and potent odorantsfraoalcioeextravirgin
olive 0il’” and primary metabolites silyl derivatives from haz€Inuts

TOF analyzers are the mosipular MS detection platforms in combination with GCxGC,;
however, just a few of them are capable of achieving high mass resolution, high mass accuracy,
combination with fast scan spe€idy a few examples of HROF MS or food applications have
been demonstrated, but their potential clear for confident identification and database
construction for complex fractions whose components are not fully covered by commercial
databases. Tranchida andwookers dedicated efforts in this direction by studiag
unsaponifiable fraction of milk fat from different mammals (cow, buffalo, ewe, aii&°godt)
more recently unsaponifiable fraction of velgetils®™ The benefits provided by HFOF MS
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were mainly related to the sterols class for which bothtgpsupetention ordering and HR
spectra helped in their reliable identification.

On the other hand, mommmon single quadrupole instruments achieve frequencies and
sensitivities suitable to be successfully used for MS detection in combination with GCxGC,
although with minor limitations in the mass range extension to afford recording a diagnostic
number ofdata points per peak.

4.3.2.3 Omics fields related to food: open questions to be answered

Commonl vy, omics refers to the process of
pools of biological molecules that translate intcstitueture, function, and dynamics of an
or gani s m ofTheofirstgomicsi dsaipiné was genomics, aimed at studying the entire
genomes, and was conceptually opposed to genetics, that interrogates individual variants or sing
genes. To date, a number of different omics have been defined, caeriddferent fields of
genetics, biology, and chemistry. Interestingly, most of the omics related to food attempt to
correlate chemical patterns/composition with biological properties of food such as nutritional
density and its impact on humans, sensopegies, biological activity, responses to external
stimuli such as climate changes on crops, processing practicesfiorstsstinand finished
products, and effects of bacterial metabolism on food composition (e.g., fermented food).

With a comprehesive and reliable definition of the food chemical code, a better understanding
on different phenomena is achieved: (a) key food quality markers in primary materials and finishe
products; (b) bioactive components in food products, extracts, and/or diollogis; (c)
biomarkers in dietary interventions; and (d) human response indicators correlated to metaboli
alterations induced by food groups and patterns.

Within the universal framework of foodonitecke f i ned as o0a discipl:i
and nutrition domains through the application of advanced omics technologies to improve
consumelrdisngnelHeal t h, and conf i daod ltagedbeen ma n
delineated. They focus on more specific interrelations while sharing common investigational
strategies and approaches.

Of them, food metabolomics aims at improving the understanding of the relationships between
food chemical composition aegternal variables/stimuli (e.g., crop botanical origin, harvesting
area, climate impact, pbsirvest treatments, storage conditions, andlifielft represents an
emerging area in which &GC is demonstrating its central ¥oded boosting effect, providing
larger candidates lists with higher intrinsic informative power.

On the other hand, and tightly connected to foddlmémics, the integration of nutritional
science with metabolomics delineates the framework of nutrimetabolomics. Within its boundaries
nutri metabol omics investigates oOperturbatio
nutrients, micr@rgan i s ms o r bi o a% whilev suppartiogngeepu medhardstic
understanding of the impact of diet and dietary patterns on human health. Its interteléteon w
food metabol ome, considered as oOthe part 0 |
digestion and biotransf or rffaefeis mnhe prdsentemfdbdts a n
(a) nutrients that trigger metabolic response in humans, andfjries that might interact
with receptor sd peswitheffects®n hamad metabdlismb ol i ¢ cyc

When food hedonic profiling is the object of the investigation, sensomics and its well
established workfl ow, attempts to omol ecul a
and peculiar odor and taste&adpable of evoking food recognition while driving consumers to
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pleasant culinary experierfé&ensomics and correlated disciplines such as flavinomidde
solid foundations for objective and rational qualification of food on the basis of chemoreceptive
events occurring in our nose and oral cavity.

Food safety and authenticity, although to
framewaok, have a central role in food analysis. In particular, food safety is a compulsory
requirement/preequisite for all food products intended for human consumption. For the purpose
of this review paper, food safety is included in the discussion dugadtetiials of GCxGC in
safety assessments and its information power in suggesting supportive actions to improve th
overall safety of the food chain. Some interesting examples in the context of food authenticatior
and food identitation are provided in refieed literatuf@’°

4.3.2.4 Investigation appraches

Well established analytical approaches within metabolomics are those gethiaugasl
fingerprintitg?They both inform about corapitional differences between samples although with
a different extent. Profiling is conducted by optimizing the whole analytical process toward known
sampl es’ component s, along the reductioni s
mass spéwm, detector response, etc. is collected to allow qualitative and/or quantitative
comparisons. If profiling is conducted towamtiordefined analytesg, known component$)
it can be dargetqurofilingdowever, if the analytical process generates distinctive features for all
i ndi vidual component s, enabling a truly <col
approach can be defineduasargeted profilifig

Conceptually differentfiagerprintjras it was defined by Fi&for metabolomics. Ashigh
throughput process for effective crosmparative analysis of samples, it does not necessarily
achieve the oreature/onecomponent resolution of profiling, while it keeps the potential of
informing about the comprehensive set of features id@aigponding to chemical constituents
of a sample. In the case of profiling, the level of information (qualitative and quantitative) achievabl
is function of the analytical dimensions of the system. For example, some spectroscopic technique
(e.g.nuckar magnetic resonadddMR, near infrared spectroscePpR) can achieve the highest
information level, although signals from trace anenaltecomponents could be lost.

Thanks to the rapid and straightforward evolution of MDA platforms, more atabl
informative systems are now readily available, offering opportunities to extend and improve the
concept of fingerprintig 2D peak patterns generated by GCxGC, or by LCxLC, can
conceptually be compared to human fingertips whosdiaéeature®.g. ridge endings and
bi furcations) are exploited by fingerprint
chromatographic fingerprintimginutiae featwigisin 2D peaks patterns, are detected, aligned, and
compared across many samplespeldding on system dimensionality, 2D chromatographic
features can provide multifaceted information, also referred to as metadata, including retentior
times in the two chromatographic dimensitgst{), detector responses, MS spectral signatures
and/or additional data related to olfactory quality, parallel detection information, etc.
Chromatographic fingerprinting has the potential to give access to the higher levels of informatior
encrypted in MDA data sets. Its fundamental concepts and tools haeedrggnreviewed

The rext section presents selected research, withirorfdod and related fields, that
demonstrates the boosting role of GCxGC in developing a more comprehensive understanding of
complex phenomena, more accurate and informative results, or simply a netivg@fspec
investigation of complex samples.
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4.3.3 Straightforward applications of GCxGC in the food area
4.3.3.1 Foodmetabolomics

Food metabolomics by GCxGC can be directed to volatile organic compounds (VOCs), a
fraction sometimes referred to as fedittilom&By accurate profiling and fingerprinting of VOCs,
deeper insights can be achieved on food quality and spoilage, on the effect of climate changes «
plant phenotype expression, or to understand the effect of pedoclimatic variations and geographici
origin®36-3#23The lipid fraction, by fatty acids methyl esters (FAMES) profiling and fingerprinting,
can be mined for its diagnostic role in terms of quality and®&¥igor food of vegetal origin,
pl antsd pr i ma nopvolatie tsaab mdlecules such (as amino acids, sugars, low
mol ecul ar weight acids, ami ne s hareestingpactites, f or
storage conditions and processing impa®t¥and abiotic and biotic stress factors effects on
crops™®8°

Mack et af? investigated postharvest ripening impact on Witwiffhe authors applied
untargeted metabolomics to evaluate metabolic changes in kiwifruits across six stages of postharv
ripening plus two nemarketable stages that were connoted by a dramatic water loss. Sugars, sugal
related substances, and orgawcids, together with other known and unknown components,
showed meaningful variations along-pastest ripening stages. Of them, sugars followed an
incremental trend while organic acids predominantly decreased. In addition, unexpected changes
the comrentration of some known and unknown metabolites were observed. One of the most
interesting aspects of this study was the multiplatform approach that combineddB{SxGC
MS, and NMR on the same samples. Results were thuslidassd between platfaimdicating
GCxGCagMS was the most sensitive platform (of those in the study), allowing the detection of
the major part of the kiwifruit primary metabolites. The most concentrated argigtes,sugars
and some organic acids, were better profilethrggted GEMS. NMR was least sensitive
compared to GCxG®BAS and GEMS, although for some analytes it showed better reproducibility.
The metabolome coverage was quite satisfactory, with about 160 analytes reproducibly measur
by GCxGCGgMS and GEMS. Abotl 45% of all metabolites were identified using-aonuse
spectral database, while for unknowns it was possible to hypothesize the chemical class, based
the MS fragmentation patterns and relative retention over the 2D space.

By their untargeted mutiatform approach, the authors were able to examine
comprehensively the evolution of kiwifruit metabolome during ripening angenieg. By the
complementary nature of the three platforms, a wider dynamic range of concentrations was
covered. The mostlevant variations were those of sugars and related substances, which increase
during ripening, and of organic acids, which decreased usipeni@g. Other metabolites, such
as methanol and xylose, had a maximum in the mpidkages whereas galeonic acid was
detected only in overripe fruits. The study provides a solid foundation for the adoption of GCxGC
gMS as an exploratory analytical platform for untargeted food metabolomics.

When the interest focuses on extreme climate events (draltgmparature effects) and
their impact on higeconomic value crops, untargeted food metabolomics by GOD3EMS
has demonstrated to be a valid complement to other techniques targeted|aiilgospecialized
plant metabolite¥ Stiloet alinvestigated te&€&mellia sinehsikuntze) primary metabolofhe
to better understand plant metabolism adaptation to drought and heavy rains or to daily temperatur
variations due to elevation. By adapting an extraction/derivatatiocol, well established in
biological fluids metabolomféan extensive coverage of tea primary metabolites was obtained. Of
the 780 peak features detected and monitored over more than 40 samples, 74 metabolites we
putatively identified based on their relative retention (2D pattern lotiiclgnaid MS spectral
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similarity. Most of the detectable features showed meaningful variations according to season (sprit
vssummer) and/or to harvest altitude. The known metabolites coverage included 15 amino acids
21 organic acids, 7 polyalcohols, 14 swyatsa few specialized metabolites belonging to the
phenols class (flav8mls and phenolic acids) and alkaloids (caffeine).

Results revealed that during spring, alanine, aspartic acid, glycine, threonine, valine
phenylalanine, phosphoric acid, xylarit, and xylitol wengp regulate@ly the tea plant. When
the investigation was extended across samples belonging to two harvest years, fructose, gluco
maltose, and arabinose had consisterggyation in spring teas. The impact of altitude, which
inducegdaily temperatures differences, was seen irragulation of alanine, isoleucine, tyrosine,
catechin, gallic acid, glycolic acid, malic acid, and ribonic acidl@védion teas.

The study, complementing previous work on unprocessed tea focusgeldtiles, on
specialized metabolites and mg&t&t& extended the existing knowledge on the complex
interrelation betwedne a pl ants and climhte. wdhkdaubdbhpe:e
key primary metabolites and other biomarkers that can contribute to our understanding of the cor
and feedback loops that occur between humgstams nsppeafically, strategies to counter climate eff
teaplanss. The higher l evel of i nformation achi e
GCxGC-TOF MS metabolomics, including known and unknown features consistently tracked
across manyamples, opens new perspectives in food research. The rich set of metadata (retentior
times in two dimensions, MS fragmentation patterns, absolute and relative responses, etc.) linke
to all untargeted features, canelBeposexplored for specific discrimtion potential with
compound identification elucidated byM3 spectraD |7, and pattern retention logdic

Fatty acids (FAs) accurate piradiland fingerprinting is another research subject where
GCxGC-MS has introduced a new perspective in the investigation. Although lipid fraction
chemical dimensionality is not very high, the concurrent presence of several FAs isomers, showir
very similaretention behavior, requires high separation power and selectivity for an accurate
profiling and deep investigation. GCxGC combines both analytical feaiigeggration power
and differential selectivity on the two chromatographic dimensions) andheddhique
opportunity of generating 2D patterns whose retention logic might help in the identification and
disambiguation of components not available as reference stangandid ¢arbon number and
branched FAs). Tranchida and Mondello dedicatetseff this application field by profiling and
fingerprinting FAs from plants, algae, and animal $fighi\s homologue series within the C
C.srange can be transformed into methyl ester derivatives (fattyedloidestersFAMES) and
then characterized by different column combinatitigsre 4.3.5A shows the 2D pattern of
human plasma FAMEs analyzed by an apolar x polar column combination. Analytes are aligne:
along diagonal bands based on carbon number (CN) within C14 and C24 (zones indicated by blac
arrows) and grouped while forming 2D-gatiens ordered based on doubtend (DB) number.

In the example oFigure 4.3.5A, seven DB bands are marked and aligned alofD. ths
additional retention criteria, the rel-ative
derivatives of & . sGz0: v@Rd Go . age illustrated in the enlarged area of the chromatogram of
Figure 4.3.5B.

In the example dfigure 4.3.5A-B, analyte identifications were conducted by confirming the
presence of 36 FAMEs though reference standard compounds widkntifieation of the
residual 29 components, for which standards were not available, was based on highly ordered natt
of the 2D patterff
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Figure 43.5. (4.3.5A) 2D pattern of human plasfRAMEs within the G£24 range. Analytes are aligned along seven diagonal
bands, based on carbon number (CN) within C14 and C24 (zones indicated by lack arrows), and grouped while forming 2D sub
patterns ordered based on double bonds (DB) nu#BeésB) Enlarged area showing the C20 FAMESs group. The analyses were
performed by a column set consisting of a 1D Efjy® m x 0.25 mm ID, 0.25 mm) and a 2D Supeled@é&x 95 x 0.1 mm
ID, 0.1 mm). The GC system was equipped with an LMCS Everest longitndthad#iyed cryogenic system (LMCS;
Chromatography Concepts, Doncaster, Australia), with a mechanical stepper motor drive for movement of the cryotrap operating
with liquid CO2 as cryogenics. Oven program: 180°C to 280°C (10 min), at 3°C/min, PM 6dréxdaptmtthida et &.

4 .3.3.2 Nutrimetabolomics

When knowledge on food composition is matched with nutritional science, the context of
nutrimetabolomics appears clear and highlights a very promising track toward advanced nutritions
care, dietary treménts, and personalized nutrifibn

In this investigation area, the major challenges are related to the great chemical dimensionali
of biological fluidsi.g, urine, plasma and saliva) and the difficulty of obtaining-dvidgatgd
patterns for chemically related compounds. Moreover, the large concentration difference betwee
analytes and analyte classes is an additional issue that impacts systeniorgntaetivoal
precision, and loAgrm reproducibility.

Therefore, most of the efforts in nutrimetabolomics by GCMSGre directed to achieve
closeto-optimal separation power in both analytical dimensions accompanied by adequate
system/column loadabylitand appropriate injection to enable full separation/resolution of
detectable components within the actual dynamic range of concentration and, consequently, high
reliable quantitatio absolute or relative. Recently, an interdisciplinary group ofthesea
bel onging to the FoodBAI I Consortium (Bi oN
Heal t hy Diet f o-HDHAa) Ebenpréhenkiveheuisedfthe dutrimeta®dlomics
strategies while also proposing good practices and standardized protocols to agjuality high
results.

In this highly challenging context, GCxGC has been successfully applied d&lyatiack
reveal coffee intake robust biomarkers. The authors investigated the complex human urine
volatilome from aubset of 24 hours urine samples belonging to theseobismal study Karlsruhe
Metabolomics and Nutrition (KarMeN), performed at the Max Rduistgut in Karlsruhe,
Germany, between 2011 and 2013. The urine samples were submitt8&MEHSIowed Y
GCxGC-gMS and combined untargeted/targeted (UT) fingerprinting based on pattern recognition
algorithms. Overall, 138 volatiles were reliably detected across all samples with a few of ther
showing strongositive correlation to coffee intake. Six mostrnmdtive volatiles were
highlighted: 2nethyifuran, guaiacol-/32-methylbutanoic acid,-2inylfuran, and 3;dimethw
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2,5furandione; with the last as the most promising robust biomarker. Of great interest for the
nutrimetabolomics context was the eatadn of the most suitable normalization methodology to
account for unequal concentration of urine samples that leads to interesting observations applie
to the specific context of urine volatilome. The untargeted/targeted investigation workflow is
illustrated irFigure 4 3.6, including the 2D raw data fm@cessing step including batch correction

by quality standards, normalization based on different parameters (creatinine content, osmolarit
urine volume, mass spectral total useful sigff&ruS and pbabilistic quotient normalization

PQN), followed by data mining to reveal potential biomarkers through combined evaluation of
correlation and statistical meaningfulness. Further insights on the normalization methods and thei
effect on variation coefimts (CVs%) are provided in the refer&ce

[ Raw data processing ]
Software: [ U/T fingerprinting and alignment ]
+ GC Image™, GC Project™, l

GC Investigator™

Analyte-specific batch correction

Software: 5
+ R modules & heres
7 |
[ Multiple Normalizations 1 { 11 i
k|
[ Statistics ]
Software: | No normalization I I Creatinine I l Osmolality I I Urine volume (div and mult) I I MSTUS | | PQN ]
.« JMP®
[ ANOVA Response Screening Workflow } { Correlation analysis ]
+ 15t ANOVA screening with multiple + Spearman correlation coefficients
correction + Bonferroni correction
+ 2" ANOVA based on normality and -
homogeneity of variances [ List of potential marker candidates ] 3 s
» post-hoc tests |

£y

Testing for sex and age as potential confounders:

* Wilcoxon test for sex RS

« Spearman correlation coefficient with age 0 20 @0 &0 600 1000 1200
Coffee intake (g/d)

3,4 Dimethyl2 S furandione
45 3% 2R & 1
34-Dimethyl-2,5-fu
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3
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3
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[ Marker candidates for coffee consumption ]

Figure 43.6. Untargeted/targeted investigation workflow, including 2D raw dateopessing stepd, batch correction by
quality standards and normalization based on different parameters: creatinine content, osmolarity, urine volumle, mass spectra
total useful sital- MSTUS- and probabilistic quotient normalizati®QN) followed by data mining to reveal potential
biomarkers through combined evaluation of correlation and statistical meaningfulness. Fron¥®Mack et al.

Another interesting study focused on theabwdic transformations of dietary polyphenols by
colonic microbiot¥ The authors compared vitramicrobial phenolic metabolite signatures of
selected foods and beverages with those from urine of healthy subjects undergoing dietar
interventio (8week clinical trial) with the same foodstuffs. GGIGE MS was applied in
targeted mode for known polyphenolic patterns. Green tea, the most pehyghéad included
in the intervention, and its main specialized metabolites (hamely phegpbb@eed patterns
of derivatives with modifications on the carbon backbone and extensive oxidation (mainly
oxydrilation). Of them 3dihydroxybenzoic acid; dlihydroxyphenylacetic acid; -3,4
dihydroxyphenylpropionic acid;-hydroxybenzoic acid; -hydroyphenylacetic acid; - 3
hydroxyphenylpropionic acidcdumaric acid;-shetylcatechol;-dydroxybenzoic acid; benzoic
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acid; gallic acid; ferulic acid; sinapic acid; enterodiol; and vanillic acid were those reporting
meaningful, positive correlation betwegneuexcretion andrvitrocolon model. Moreover,
considerably higher amounts of hippuric adigidBoxybenzoic acid, and ferulic acid were detected

in urine of healthy subjects than in the colon model while the hepatic conversion model
complemented theesidual amounts of phest@rived metabolites. The study contributed to a
better understanding of the bioavailability of diet polyphenols and elucidated their interconnections
to urinary metabolites signatures.

Untargeted investigation on urinary meti@sadignatures helped in a deeper understanding of
the impact of solid vs. liquid fructose formulations in animal ffdé@tsessanellet at® designed
a system combining a 1D column with parallel dual secondary-dotlrdetection by MS and
FID (GCx2GGMS/FID) to capture changes in metabolic fingerprints from mice urines. Samples
were from mice fed with normal (control diet) or fructeseriched diet provided in aqueous
solution or in solid form. The intervention was followed for 12 weeks and metabolites signatures
evolution tracked for single individuals and foipsyloilation/group.

UT fingerprintingenabled coherent clustering of mice according to dietary manipulation;
metabolite fingerprints related to high doses of liquid fructose showed meaningful variations on
fructose, glucose, citric, pyruvic, malic, malonic, glucoaicomitc, succinic dr-keto glutaric
acids, glycine acyl derivativescé@kboxyglycine, -Nutyrylglycine, Nsovaleroylglycine, -N
phenylacetylglycine), and hippuric acid concentrationsarBeshg on additional, informative
features highlighted further metabolites rmmiai pretargeted: MNacetyl glucosamine;ddetyl
glutamine, malonyl glycine, methyl malonyl glycine, and glutaric acid, while quantkéfive GC
confirmed the role of several potential biomarkers through accurate quantitative results.

Visual featuresnigerprinting, based on comparative visualization of urine signatures at
different time points of the diet intervention, tracked individual variations while showing the
potential role of data processing in supporting personalized stiatpgies 43.7Aand4.3.7B
show pseudocolor images of mouse #40 urine 43.8A) and 12 weeksl.8.7B) of diet
intervention with liquid fructose supplementation. Red graphics locate untargeted/targeted feature:
delineated by the UT fingerprinting workflow. Green graphics instead correspond to column
bleeding and/or interferences and were excluded bgrtipitation Figure 43.7C shows the
comparative visualization rendered with a colorization that emphasized relative differences betwee
patterns. The image is obtained by visual features comparison between the ffeneraies (
pattern) vs. 6 weelan@tzegbattern) urine signatures. Yellow areas over the 2D spaparén
4.3.7C correspond to targeted analytes whose response differences are reported in the list.
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Figure 43.7. Visual features fingerprinting (MS signal full scan acquisition) basedroma r at i ve vi sual i zati c
signature at different time points of the diet intervention, with red graphics locating untargeted/targeted feataess, while g
graphics correspond to column bleeding and/or interferences and were exchelednbgutation4(3.7A) pseudocolor images
of mouse #40 urines at 6 weeks of diet intervention with liquid fructose supplenteateigred patterrt.8.7B) pseudocolor
images of mouse #40 urines at 12 weeks of diet intervention with liquid fupgteseentatiod reference pattern}.8.7C)
comparative visualization rendered with a colorization that emphasized relative differences between patterns, greflev areas ov
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2D space correspond to targeted analytes whose response differencesdie tiepdige The column set was by a 1D SE52
(30 m x 0.25 mm ID, 0.25 mm) and a 2D OV1701 (1.4 x 0.1 mm ID, 0.1 mm). The system was equippestaie &Two
2004 loop thermal modulator (Zoex Corporation, Houston, TX) cooled with liquid nitrogalleddntrOptimodeTM V.2
(SRA Instruments, Cernusco sul Naviglio, Ml, Italy). PM 5s ajed palise 0.35 s. Modulator capillary: 0.6 m x 0.10 mm ID of
the 2D column. Oven program: 60 °C (1 min) to 300 °C (10 min) at 4 °C/min. From Bressa¥fello et al.

4 3.3.3 Sensomics and Flavoromics

Sensomics aifisto map the combinatorial code of tast@atmeckey molecules, which are sense
by human chemosensory receptors and are then integratéd bAtheobmaan al one con
80% of the hedonic profile of foéthnd it is modulated lylatile components generally present
attraceandultrat r ace | evel s (cmagdtekizpd by low Dlgbilitik ig Wateanmedia,
low polarity, and molecular weights belowaB@@Odorants, interacting with multiple Odorant
Receptors (ORSs) in the olfactory epithelium, produce a complex paitgralsie.the Receptor
Codey®°9% The integration of these signal patterns by the nervous system produces olfactory
perceptions.

In this context, a fundamental contribution ®eéhcryption of food odor code, thecatied
aroma blueptiités provided by the accurate and comprehensive chemical characterization of all
potential ligands and modulator components constituting the Chemical Odor Cbde. Wel
established approaches combine multiple, discrete steps in a systematic workflow. They incluc
volatiles isolation/extraction/concentration; chromatographic separation accompanied by
olfactometric screening to identify odor active analytes; accurétatignarand validation of
aroma contributions by recombination and omissiorf%t&3té

GCxGC platforms can implement most of the sensoouots Marriott and eaorkers made
substantial advancements in develapigmultidimensigoiatforms'®***3nstrumental sotions
include the possibility of switching between GCxGC and targeted multidimensional gas
chromatography systemi.e( switchable GCxGCltargeted MDGE) to achieve full
chromatographic resolution in critical regions of the separation space where potent odorants elute
The further, orthogonal dansion of olfactometry was added in a system designed étyatfin
to study aromactive compounds in coffee and wine. The platform, combinioffag@metry
(GC-0) and GCxGC with TOF MS/ flame ionization detector (FID)/ flame photometric detector
(FPD) in sulfur mode, was used for séngendoractive compounds, separating them by bulk
volatiles with GCxGC and identifying with TOF MS and FPD in combination.

Besides thenultmultidimensio@CxGC platforms, which have a central role in flavor
research, conventional systems are mataugle to become fundamental pillars for sensomics
and flavoromica\icolotti et at’® developed a fast, sensontiased expert systenSEBES, to
predict keyaroma compounds of a given food without applyinglisitete steps of the
conventional workflovi®®®°® The authors developed analytical method for isolation and
accurate quantitation of about 100 odorants out of the 226 knefwadkegorants (KFOSs) listed
by Dunkelet al®® By a dedicated dapeocessing step, implementing additional data on odor
thresholds, odor activity vadu@AV; ratio of concentration to odor threshold) were calculated
and sampleds combinatori al odor code encry
observed by authors, to extend the method dynamic range enabling accurate quantification c
analytes psent at very different concentrations in-weald samples. Moreover, GCxGC
separation efficiency and resolution, enabled a direct injection of crude extracts without further
sample preparation steps. Validation of the SEBES system was by compartdassieih
sensomics; accuracy was very high with a maximum quantification error of £20%. As a conclusiv
remar k, t he aiumtashsoccessfubytsreownettdht ittistp@ssible @o characterize key foor
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with one single analytical platfermth@ut using the human olfactory system, that is, by artificial inte
smelligg.

Many other applications have emphasized the fundamental role of GCxGC in flavor research.
Of interest are those that directly analyze volatiles fractions by deadd®
approachgg3+38:465557.79.102109.ne of the emerging application areas is\@sga olive (EVO)
oil volatiles. Within this complex fraction some potent odorants are responsible for positive
attributes and of aroma defe€f8®

Stiloet al>” explored the complex EVO oil volatilome analysing samples obtaine@tfr@m P
olives harvested at different ripening stagpescombinatin of HSSPME to G& GC-TOF MS
featuring hard and soft ionization in tandespntGndem ionization) enabled the identification of
about 130 analytes, over more than 450 detectable volatiles. For most of the targeted analytes w
a known role in the defilon of the aroma blueprint of EVO qit§*!*!*?HS linearity was
achieved™'**enabling accurate quantitation in a fully automatedsarMiy=gover, the adoption
of tandem ionization TOF MS extended the dynamic range of the method and the linear range of
response, improving method capabilities and informative potential.

4.3.3.4 Food safety

Mineral oil hydrocarbons (MOHSs) are complex mixtures of aliphatic hydrocarbon isomers and
derivatives (lineafalkanes, branchedl isoalkanes and cyclic compouddsycloalkanes or
naphthenes), also referred to as mineral oil saturated hydrocarbons @hQSHgromatic
hydrocarbons (MOAHS). The latter includes aromatic moieties, with one or more benzene rings,
and extensive alksibstitution. Certain MOAHSs fractional components are known for their
mutagenicity, toxicity, and tumor promoting effects.

MOSH and MOAH occurrence in food primary materials;fsgshied, and finished products
might be related to exogenous contamination sources, whose origin identification would be of gree
help to implement safety policies for the entire-ébath. MOH fragbns quantitative and
qualitative assessment represents a great challenge for analytical chemistry; the presence of m
foodborne interfering compounds makes mandatory the adoption of suitable confirmatory
methodg*®7

The stateof-the-art approachetor MOSH/MOAH quantification in food are based on
established methodologies that adopt liquid chromatography ¢l offonline coupled to
GC-FID,*® but the presence of hundradghousands of isomers producing an unresolved
compkex mixture (UCM) profile in GC and the lack of a detection dimension with suitable
specificity does not guarantee accurate quantitation eveiGIg/12E°Although (HR)MS may
be a fundamental dimension to implement, alone it is not sufficietdattousique and distinct
signals from exogenous MOSHs and MOAHs as required by EU Commission Decision
657/2002'*

In this scenario, the potentials of X3&C were immediately clear. Biedermann and Grob
proposed MOHs chromatographic fingerprinting based on mediumxpalaolar column
combinations capable of discriminating compounsdeday pattern retention logic based on
relative polarity/volatility. At the same time, through pattern recognition, the fingerprinting survey
enables the identification of contamination satffdéigure 4.3.8 compares chromatographic
profiles by reference LGC-FID method (left side) cormgending to MOSH and MOAH
fractions with the corresponding GCxGOF MS pseudocolor images from Asian rice suspected
for MOH contamination.
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Figure 43.8. LG-GC-FID chromatograms (left side) of MOSH and MOAH fractions and the corresp8akag-TOF MS
contour plots (right side) from Asian rice samples. Com@assidsmment a(&1) for aundecane, (Cycy) for cyclohexyl
cyclohexane, (Cho) for cholestane, (13)iddecane, (20) foreicosane (DPB) for diphenoxy benzene, (5B}denty
benzene, (MN) for-land 2methyl naphthalene, (TBB) for tri tert. butyl benzene, (Per) for perylene. The column set was: 1D
coumnOV1 7 (15 m 7 0.25 mm 1T -055 5 2nb nmanid ®.DL 5 orhm nin (P.S055 On
loop-type moduler. Oven program: 70 °C (3 min) to 310 °C, at 5.0 °C/min; PM 6s. Acronyms are explicated in the text. From
Biedermann and Gré@?

The fingerprinting potential of GCxGC is illustrated through the ordered patieikaries
from n-C13 (internal standatd)n-C25 present in uncontaminated rice. Branched paraffines, with
longerD retention, follow the elution linemélkanes, while oligomeric polyolefins (POSH) (C21
oligomers) likely originating from polypropylene (PP) packaging, form a distincBetusten
nalkanes and POSH, monounsaturated PP oligomers are detected. Slanted elution bands wi
lower retention in the 2D correspond to naphthenes and cyclic hydrocarotsdécyl
cyclopentanes, L2yclo5, and undecyl cyclohexane§yrlo6).

The lower plots oFigure 43.8 illustrate the MOAH fraction 1D and 2D profiles-GC
produces an unresolved hump while by GCxGC structured elution patterns are more evident.
Above all, the group of diisopropyl naphthalenes (DIPN) suggests a possibkleofsourc
contamination by recycled paperboard.

GCxGC-TOF MS has a crucial role in MOSMDAH accurate quantification with
opportunities for fingerprinting and identification of contamination sources. The boosting effect
of the technique in this area of invesioyn could deliver truly multidimensional solutions that
combine odine LC prefractionation to GCxGC with parallel detection by FIDAABy this
approach, open to untargeteglestigations, the concurrent tracing of-intentionally added
substances (NIAS) can be.ttin

In a more future perspective, GCxGC shows a great potential within the food safety context
for monitoring chlorinated paraffins (CPs), synthetic chlormalieahes, widely usaedndustrial
environments as lubricants, paints, coating agents, sealants, etc. According @aicaldrugth,

CPsd products are grouped i nt o-C43),mediumchhirai n
chlorinated paraffins (MCCPs; €1#47), andong chain chlorinated paraffins (LCCPs;- C18
C30)'**SCCPs and MCCPs recently received attention from the European Food Safety Authority
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(EFSA) because of their potential toxicity for humans and persistence in the environment and
bioaccumulatiat®

GCxGC coupled to lowesolution TOF MS was successfully applied to accurate quantitation
of SSCPs even in absence of reference calibration standards for individual components. Th
author$® proceeded by establishing a calibration between total response factor (RF) and chlorine
(Cl) content based on peak volumes of quantifier ions for 24 congener groups. Results, from CF
products and urban air sampling, indicated variations largely among @R mhtieriseasonal
fluctuations on urban air were mostly influenced by average daily temperatures. The highest SCC
concentration was detected in summer compared to winter, with lighter congemetg (&d
Ck group) dominating the gas phase and dreavmpounds @group and GI- Cl) more
distributed in particle phase.

Interesting developments in the direction of accurate assessment accompanied by the
identification of the contamination source by informative fingerprinting based on -GO&C
MScould fill the gap evidenced by the EFSA réffavth i ch st at ed: oéonly
occurrence of SCCPs and MCCPs in some fish
that dietary exposure will be highertdee t he contri buti on of CPs f
mapping of the potential environmental sources of contamination crossing the food chain might
help and provide solid data to complete risk assessment and make safer our food.

4.3.4 Concluding remarks

Foodomics investigations require a truly comprehensive approach to capture compositional
complexity of samples and to establish robust correlations with external stimuli and complex
biological phenomena. Comprehensivediwm@nsional chromatographgshthe potential to
tackle compositional challenges (chemical dimensionality and dynamic range of concentrations) al
provide consistent bases for hypothesis generation. Moreover, dedicated data processing furth
enricheshe toolbox, increasing the inigation potentials while embracing the modern concepts
of individual/personalized investigations.

Undoubtedly, GCxG@/S is a kegnalytical platform for foeaimics investigations and its
widespread could boost research while opening new and concretetiypessfor more
comprehensive understanding of food quality, nutritional value, and health benefits.

The industrial request for straightforward solutions to practical problems does not prevent the
adoption of MDA platforms and omics concepts even imduostrial research framework. The
larger the breadth of an investigation, the better is the understanding of the effects of processinc
storage, fermentation, and biotransformation on the overall quality and safety of a food product.

The full potentiabf GCxGC was probably not clear at its introduction, but its widespread
adoption in different areas and the infusion of strategies and concepts from other disciplines, hav
definitely highlighted ifrorsateckniguerthalli dr onloet oefx
technique  hat was missingé
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5.11Abstract

The study explores the complex volatile fraction ofasgra olive oil by combining high
concentratiortapacity headspace approaches with comprehensivdiménsional gas
chromatography, which is coupled with time of flight mass spectrometry. i@ Heatspace
techniques in this study are: (a) $dlake microextraction, with mypltilymer coating (SPME
Divinylbenzene/Carboxen/Polydimethylsiloxane), which is taken as the reference technique; (b)
headspace sorptive extraction (HSSE) with eitingtensaterial coating (polydimethylsiloXane
PDMS) or a duglhase coating that combines PDMS/Carbopack and PDMS/EG (ethyleneglycol);
(c) monolithic material sorptive extraction (MMSE), usingecyasilica combined with graphite
carbon (ODS/CB); and dgmic headspace (d) with either PDMS foam, operating in partition
mode, or Tenax TAE, operating in adsorption
2D-peakregion features, which corresponds to detectable analytes, was examined, while
concentation factors (CF) for a selection of informative analytes, includoupkayts and off
odors, and homolesgries relative ratios weralculatedand the information capacity was
discussed. The results highlighted the differences in concentratitiessaphich were mainly
caused by polymaccumulation characteristics (sorptive/adsorptive materials) and its amount.
The relative concentration capacity for homologues and potent odorants was also discussed, whi
headspace linearity and the relatstilglition of analytes, as a function of different sampling
amounts, was examined. This last point is of particular interest in quantitative studies where accure
data is needed to derive consistent conclusions.

Key words

comprehensive twdimensional gas chromatograpme of flight mass spectrometry; extra
virgin olive oil; high concentratioapacity sampling; headspace -pbbde microextraction;
dynamic headspace
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5.12 Introduction

Comprehensive twdimensional gas chromatography (&6GC) is a multidimensional
separation technique that enables tlepth chemical characterization of the complex food
volatilomé It combines, in a single analytical platform, two separation dimensions with mass
spectrometry,i.e, an orthogonal measurement principle that is fumdamior analyte
identification and quantitation, and automated sample preparation. Such configured platforms
deliver highly efficient profiling (detailed investigation of single molecular entities) with the intrinsic
fingerprinting potential, and can pdevaccurate and informative cromsiparative analyses

The chemical characterization of the ilevolatiome is a challenging, although
fundamental, task that is part of the quality assessment process. The composition of the volatil
fraction, also referred to as the chemicaasige, is an informative and diagnostic tool for oil
quality characterization and sensory qualificdtiddnly a few of theonsiderable number of
detectable volatiles are responsible for the positive and negative attributes that delineate olive c
sensory profiles. In fact, olive oil is, to date, the only food product whose sensory attributes are
officially regulated by EWjislation, and standardized sensory assessment ptatoctis form
of smelling and tasting experiments, are run by constantly updated and trained panelists. Virgi
olive oil is classified intorée categories, extriagin (EV), virgin (V), and lampante oil, according
to the presence/absence and the intensity of coded defectiusty/muddy sediment,
musty/humid/earthy, winey/vinegary, rancid) and the percaption t he of rui t y o6 t

Improved separation power and detection sensitivity are needed to efficiently extract
information on the presence of potent odorants, sometimes at trace drateltancentration
levels. These features, if accompanied by a structured logic of elutiomitailgheorrelated
compounds, can provide highly confident and accurate chemical characterizations, while offerin
new perspectives to the important problems of quality and authenticity as$essment

GC x GC has been adopted to characterize theodliwa@atilome in studies that aim to define
the vohtile signatures of olives that differed in terms of variety, origin, and process té&¢hnology
using both targeted and targeted/untargeted analyte distributions. A significant step ahead wa
made by Purcaro et §lwho explored the 2patterns of volatiles, after headspace-siotide
microextraction (HSPME) sampling, to delineate the coded defects in the chemical signature of
the oil {.e, blueprint). Olive ripening and its impact on volatiles distribution and oil quality has been
studied by Magagna et'alwho also introduced a systematic strategy for efficient untargeted and
targeted investigations, which was based on pattern recognition by tetcpiatg the strategy
was defined as combined untargeted/targeted (UT) fingerprinting and has been recently extende
to several other applications in the fields of f66dand nutrimetabolomiés

All of the aboveefeenced studies have exploitedSPBME as a sampling strategy; it
combines the advantages of-amse extraction approaches with the possibility of achieving
suitable  enrichment factors that match meseoditivity requirements %
However, as the zéraimension of an analytical proc@ssiSSPME, and more generally any
sampling procedure, may impact on method information potential by discriminating analytes in
funaion of one of their specific characteristics (polarity, volatility, etc.). If the focus of the
investigation is potent odorants, the ideal sampling system should comply for: (a)
Appropriate/tunable extraction selectivity; (b) high extraction efficiaacy tdtratrace analytes
with high odor potency; (c) mild interaction mechanisms (sorption/partition is preferable) that limit
the formation of artifacts that may be induced during the tumsooption of volatiles at high
temperatures; and (d) the iindegration of all operation steps in the analytical sy$tém
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In this context, it would be interesting to compare the effectiveness of a numbghaseyas
extraction procedures, more specifically headsgrapéing approaches, in delineatifogmative
volatile patterns in extvagin olive oil. In fact, conventional SPME can show limited extraction
capability for ultrirace odorant analysis and/or suffer from headspace safdrati@ards major
HS components. Interesting solutions to enhance the sensitivity of$iRMESMethod have
been presented by Chin ef@lwho proposed that cumulative multipleSPME samplings be
used in combination with a number of different fiber coatings, and followed by successive GC
injections, which are dgdal over time to achieve odor detection limits feol&Ctometry (GE
O) screenings of wine aroma. More recently, Blomy et al® have developed dynamic
headspace (DHS) sampling system that enables volatiles to be accumulated in SPME fibers, wh
also providing higher enrichment factors than the static headspace (SHS) approach and bett
aldehyde and alcohol recovery. The almavgioned methodsinfortunately have some
limitations, such as automation difficulties and, in the case-©f $8f@enings, the fact that
replicate analyses and dilution experiments are not possible.

In this scenario, a systematic investigation of the differecvoraptementary HS sampling
methods, combined with higésolution fingerprinting by GC x GC coupled to tofiflight mass
spectrometry (TOF MS), would be of great interest, especially when the fingerprinting includes key
odorants that are responsible Far positive and negative sensory attributes of olive oil.

In this study, a selection of HS approaches has been used to study the complex volatilome c
a commercial EV olive oil. They include enriched SHS with: (a) SPME witpalyma#ti coating
(divinybenzene/carboxen/polydimethylsiloxarieVB/CAR/PDMS), taken as the reference
technique; (b) headspace sorptive extraction (HSSE) either withraaderglecoating (PDMS)
or dualphase coating that combines PDMS/Carbofaakd PDMS/EG? (ethyleneglycol); (c)
monolithic material sorptive extraction (MMSE) byamtd silica combined with graphite carbon
(obs/CB);and (d)EHS, wi t h ei t her PDMS foam, operati
operating in adsorption mode.

The coverage of both targeted and untargetedrqumpak features that correspond to
detectablanalytes has been examined, while concentration factors (CF) have been calculated for
selection of informative analytes, includingpleyants and offdors. Homologseries relative
ratios have also been calculated and information capacity has lesaddisc

5.1.3 Materials and methods
5.13.1 Reference Compounds and Samples

The pure reference compounds for the confirmation of the identity of potent oderants,
alkanesn(C9 ton-C25) for linear retention indéX @etermination, and the reference compounds
for inter nal-a % dthujnkeafor SRME dsee below) weée obtained from -Sigma
Aldrich (Milan, Italy). Pure dibutyl phthalate was used for internal standard (IS}salotiomg
preparation (0.Ylg and was purchased from Merck (Milan, Italy).

A commercial sample of extra virgin olive oil was selected from those collected as part of the
I'talian oViolindé Project (valorization of |
AGER Fondaioni in rete per la Ricerca Agroalimentare). In particular, the olive oil used was an
EV olive oil with a protected geographical indication (PGI) quality label from Azienda Agricola
Mori Concetta, PGI Toscano, olives Mariolo cultivar (San Cascianoi iRegal, dFirenze, Italy).

A reference oil from International Olive Council (IOC) for the fusty/muddy defect was kindly
supplied by Prof. Lanfranco Conte from the University of Udine.
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5.13.2 Headspace Solid Phase Microextraction

Automated HSSPME was perfmed usingan MPS2 multipurpose sampler (Gerstel,
Mulheim a/d Ruhr, Germany) installed on the GC xT&F MS system. SPME fibers were
consisted
divinylbenzene/carboxen/polydimethylsiloXxeim®/B/PDMS/CAR di 5 0 / 3 62 c.rkibers

obtained

were conditioned before use, as recommended by the manufacturer. Sampling conditions an

from

Supelco (Bellefonte,

PA,

thermal desorption parameters are summariedlie5.11

Table 511 Sampling devices and conditions adopted in the study.

USA)

and

of

Acronym Sampling Approach Sample Temperature and Other
Weight/Volume Time

SPME-TRIF  HSSPMHi 1.500 g all Temperature: 40 °C  Constant stirring

DVB/CAR/PDMS Sampling vial: 20 mL  Sampling time: 60 min Desorption time: 5 (min

S/SL injector: 250 °C
Split ratiol:10

HSSE-TW1 HSSHI Twi st e 1.500 g olil Temperature: 40 °C  TDU conditions: from

PDMS 1 cm Sampling vial: 20 mL ~ Sampling time: 60 min 30 °C to 27.0°C
HSSE-TW2 HSSEH Twi st e (5 min) at 60 °C/min;

PDMS 2 cm Flow mode: Splitless
HSSE- HSSHi Twi st e Transfer line: 270 °C.
PDMS/CPB PDM& Carbopack CIS4 PTV injector

BE temp: 150 ¢
HSSE- HSSH Twi st e Coolant: Liquid Cg)
PDMS/EG PDMS Ethylene Injection temp program

glycol EG From I 50 A«
MMSE-ODS MMSEODS (20 min) at 12 °C/s.
MMSE - MMSE Inlet operated in split
ODS/GC ODSii Graphite mode: Split ratio 1:10.

carbon
DHS- D-HS 1.500 g all Incubation: 40 °C
TENAX TENAX TAE Samplingvial: 20mL  Sampling: roonm
DHS-PDMS  D-HS temperature

PDMS (foam) Carrier: nitrogen

Sampling  flow:  1(
mL/min

Sampling time: 20 min

5.1.3.3 Headspace Sorptive Extraction

HSSE sampling was performed usi ngi5@@®@mmenr c
1 cmand 2 cm long twisters, as well as EG/Silicone (PDMS/EG copolymer) twisters were supplied
by Gerstel (Miilheim a/d Ruhr, Germany). PBBASr b o p a ¢5k0 0BEamdDual Phase
(DP) twisters were obtained from the Research Institute for ChnaphtiodRIC (Kortrijk,
Belgium). Sampling was carried out in a thermostatic bath with constant stirring; HSSE twister:
were suspended in the vapor phase sitirdessteelire, and volatiles were thus transferred to
GC x GGTOF MS by a MR8 multipurpos sampler (Gerstel, Milheim a/d Ruhr, Germany)
equipped with a Thermo Desorption Unit (TDU) and ad@3V injector (Gerstel, Milheim a/d
Ruhr, Germany). Sampling conditions and thermal desorption parameters are ré&jpbiteed in
511
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5.13.4Monolithi ¢ Material Sorptive Extraction

MMSE sampling was performed using commerci
Tokyo, Japan), in the form of monolithic rods consisting of a combinationagadtsilica and
graphite carbon (ODS/GC). Sampling wasezhout in a thermostatic bath with constant stirring;
MonoTraps were suspended in the vapor phase with the stagalesdre supplied by the
manufacturer, and volatiles were thus transferred to GEFOE®IS byanMPS2 multipurpose
sampler (Gerstéljulheim a/d Ruhr, Germany) equipped with a Thermo Desorption Unit (TDU)
and a CIgI PTV injector (Gerstel, Mulheim a/d Ruhr, Germany). Sampling conditions and thermal
desorption parameters are reporteichinie 5.1 1

5.13.5Dynamic Headspace Sampling

Dynami c headspace sampling was performed L
They consisted of ( &)60/80 @esheg fromSwelco (Bellefdnte,PA,x
USA) and (b) 100% PDMS foams (15 mm Ié&n8thmg * 2) supplied by Gerstel (Miim a/d
Ruhr, Germany). Packing materials were assembled on inert, single taper, glass liners for the TC
unit.

During sampling, traps were-gjght connected to the outlet of a 20 mL sampling vial kept at
40 °C, and analytes were stripped with nitragE0 mL/min for 20 min (200 mL of total volume).
Traps were maintained at room temperature during sampling to increase extraction efficiency
Sampling conditions and thermal desorption parameters are Gakde §111

5.13.6GCxGC-MS Instrument Se-up and Analytical Conditions

GC x GC analyses were performed on an Agilent 7890B GC unit coupled with a Bench TOF
SelectE system (Markes International, Ll ant
source and transfer line were set at 27Ch#MB optimization option was set to operate in single
ionization mode with a mass range between 40 amd Bafe datacquisition frequency was
100 Hz; filament voltage was set at 1.60 V. Electron ionization 70 eV.

The system was equipped withwe-stage KT 2004 loop thermal modulator (Zoex
Corporation, Houston, TX, USA) <cooled with
(SRA Instruments, Cernusco sul Naviglio, Ml, Italy). THethmtlse time was set at 250 ms, the
modulation periodPy) was 4 s, and cejet total flow was progressively reduced as a linear
function, from 40% of the mass flow controller (MFC), at initial conditions, to 8% at the end of
the run.

The column set was configured as folliwvSolGelWax column (100% pelhylene glycol;
30mx0.25mna, 0. @& %romGBAE Analytical Science (Ringwood, Australia) coupled with
a’D OV1701 column (86% polydimethylsiloxane, 7% phenyl, 7% cyanopropyl; 2 m >x9.1 mm
0 . 1 Ody, iom J&W (Agilent, Little Falls, DE, USM)e two columns were connected in series
by -@ionQQSGE Analytical Science) and the first meter of the capillary was wrapped in the
modulator slit acting as modulator capiliseytfie loop capillary). Columns were placed in the
same oven and no tperature offset was applied to the two dimensions. The carrier gas was helium
at a constant flow of 1.3 mL/min. The oven temperature program was from 40 °C (2 min) to 240
°C at 3.5 °C/min (10 min).

Page |225



The nalkanes liquid sample solutionIferdeterminatiorwas analyzed under the following
conditions: Split/splitless injector in split mode, split ratio 1:50, injector temperature 250 °C, and
injection volume 1 pL.

5.13.7 Analytes Identification

Analytes were identified on the basis of their lnegamtion indiced™) and MS electron
impact (MSEI) spectra that were either compared to those of authentic standards (where available
or tentatively identified through theirM8 fragmentation patterns dndThe list of targeted
analytes is reportedTable 5.1.2 together with their retention timés, étz), I, odor qualities, and
odor thresholds, as reported in reference literature, and their correlation with codéd defects
Table 512 List of targeted analytes together with their retention times in timemsionstir and!tg), linear retention timés
IT, their known role in defining attributes (defects of qualities), odor quality, odor thi@3hid)/Kg), and reference literature

for data on sensory features. Sensory defect and quality acronying; Misegany V; Rancié R; Moldi M; Morchi@ Mo;
and Fruityi Fr.

Compound Itr 2t m Attributes Odor Quality OT (mg/kg) Ref
(min) (s)
Heptane 4.34 1.09 750 Alkane
Octane 5.59 1.89 800 FIVIR Alkane 0.94 [2]
1-Octene 6.09 1.68 820 M - 0.08
Ethyl acetate 6.75 1.35 850 FIV Pineapple 0.94 [2]
Butanal 7.00 1.04 857 F/M Pungent, green 0.018
Ethanol 7.67 1.14 883 \% Alcohol 30 [2]
Pentanal 7.75 1.35 892 -
Nonane 7.82 2.34 895 Alkane
3,4Diethyl-1,5hexadiene 8.50 236 917 -
(RS+SR)
3,4Diethyl-1,5hexadiene 8.66 240 923 -
(meso)
3-Methylbutanal 875 261 927 FIv Malty 0.0054 [3]
3-Pentanone 8.84 1.47 930 \% Ether 70 [2]
(2)-3-Ethyl-1,50ctadiene 9.92 261 973 -
1-Penten3-one 10.17 1.47 983 M Mustard 0.00073 [3]
(E)-3-Ethyl-1,50ctadiene 1042 2.61 993 -
Ethyl butanoate 10.59 1.77 1000 F Sweet, fruity 0.03 [2]
(E)-2-Butenal 10.75 1.38 1010 Green, fruit
Butyl acetate 12.00 173 1046 F Green/fruity, 0.3 2]
pungentsweet
Hexanal 12.25 1.77 1054 FIMo/VIR %rr‘;‘zgyapp'e' 0.08 2]
(E,2)-3,7-Decadiene 1225 2.74 1054 -
(E,E)-3,-Decadiene 1258 2.74 1065 -
Strawberry, fruit,
(2)-Pent-2-enal 14.00 151 1108 Mo tomato, green,
pleasant
(E)-Pent-2-enal 1408 152 1110 Vv Greenapple, 0.3 2]
tomato, pungent
Ethyl benzene 1425 1.78 1115 Fr Strong
1-Penten3-ol 1470 0.20 1129
1-Butanol 1542 1.26 1142 VIM Winey 0.15 [3]
2-Heptanone 16.42 1.89 1161 \ Sweet, fruity 0.3
Heptanal 16.50 1.89 1169 R Oily, fatty, woody 0.5
Limonene 16.91 2.15 1181 Citrus, mint
1-Pentanol 17.17 145 1190 FIM/V Fruity 3 [2]
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(2)-2-Hexenal

(E)-2-Hexenal
3-Methylbutan-1-ol
Ethyl hexanoate
1-Hexanol
Styrene
Hexyl acetate
2-Octanone
Octanal
1-Octen-3-one
(2)-2-Penten-1-ol
(E)-4,8Dimethyl-1,3,7
nonatriene
(2)-3-Hexen-1-ol acetate
(E)-2-Pentenl-ol
1-Heptanol
(2)-2-Heptenal
(E)-2-Heptenal
Ethyl pentanoate
6-Methylhept-5-en-2-one
(2)-3-Hexen-1-ol
(E)-3-Hexen-1-ol

1-Octanol

Nonanal
(E,2)-2,4Hexadienal
(E)-2-Hexen-1-ol
(E,E)-2,4Hexadienal
(2)-2-Octenal
(E)-2-Octenal
Ethyl octanoate
1-Octen-3-ol
Acetic acid
(Z,E)-2,4Heptadienal
(E,2)-2,4Heptadienal
(E,E)-2,4Heptadienal
1-Nonanol
Copaene

Decanal

(E)-Octa-3,5dien-2-one
(2)-2-Nonenal
(E)-2-Nonenal
Propanoic acid

(E)-6-Methylhepta-3,5

dien-2-one

Undecanal

Methyl benzoate

Butanoic acid
(E,E)-2A-Nonadienal
Ethyl decanoate
(E)-2-Decenal

1-Decanol

17.54

18.00
18.35
18.36
19.00
19.25
20.33
20.83
21.08
21.58
21.75

21.92

22.08
22.09
2231
22.58
22.67
23.08
23.17
24.08
24.92

25.50

25.75
25.76
25.92
26.00
27.15
27.25
27.50
27.83
28.50
28.58
28.66
28.75
30.02
30.16

30.25

30.91
31.43
31.75
32.24

33.83

34.49

34.91

35.75
35.82
35.91
36.08

36.20

1.61

1.64
0.94
1.94
1.71
1.35
2.02
2.06
2.02
1.89
1.22

2.36

1.68
1.02
1.89
1.77
1.81
2.27
1.85
1.30
1.35

1.96

2.19
1.46
1.26
1.48
1.86
1.89
2.36
1.47
0.97
1.60
3.24
1.73
2.02
2.99

2.23

1.73
1.94
1.98
0.78

1.64

2.02

1.43

1.01
1.63
2.48
2.02

2.06

1198

1208
1215
1216
1231
1237
1263
1274
1280
1292
1296

1300

1304
1304
1309
1315
1317
1327
1329
1350
1369

1383

1388
1388
1392
1395
1420
1424
1429
1437
1453
1455
1457
1459
1487
1492

1494

1507
1521
1530
1541

1568

1597

1608

1630
1632
1634
1638

1642

Green leaves, cut

Bl grass
Mo/V/FIR Bitter almond, greel
F/M/Mo Whiskey, malt, burn
F Apple peel, fruit
Fr Fruity, banana, sof
Balsamic, gasoline
Fr Green, fruity, swee
\% Mold, green
Mo/R Fatty, sharp
Mo Mushroom, mold
Butter,pungent
Green, banana
Butter, pungent
Herb
R Oxidized, tallowy
Mo/R -
M -
Mo/F/IR Pungent, green
FIRIV Green
VIF Green
Mo Moss, nut,
mushroom
R Fatty, waxy, punger
Green
Y Greengrass, leaves
Green leaf, walnut
R Green, nut, fat
\% Fruit, fat
Mo Mold, earthy
FIVIR Sour, vinegary
R/Mo/F Fatty, rancid
R/Mo/F Fatty, rancid
R/Mo/F Fatty, rancid
Fresh, clean, floree
Wood, spice
R Penetrating, sweet
waxy
V/Mo Geraniurdike
R Green, fatty
R Papedlike, fatty
Pungent, acidic
VI/IMo -
Waxy, aldehydic,
soapy
Phenolic, prune,
lettuce
R Watermelon
V Grape
R Painty, fishy, fatty

Fatty, waxy, floral,
orange

0.003
0.42
0.1
0.4

1.04
0.51
0.32
0.01

1.04

0.042
0.005
0.0015

15

0.1
0.15

0.004
10
0.05
0.5
0.36
10

0.28

0.65

0.0005
0.0045
0.9

0.38

2.5
10
0.01
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(2]
(2]
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Methyl butanoate 3741 1.05 1672 F Ether, fruit, sweet 0.06
Herbal, coconut,

&Hexalactone 3791 156 1684
sweet
Dodecanal 38.65 212 1704 Soapy, waxy, citrus
3,4Dimethyl-2,5 _
Furandione 39.16 1.35 1717
a-Farnesene 40.15 2.23 1744 Wood, sweet
Pentanoic acid 40.16 1.05 1751 Sweet, acidisharp
(E,2)-2,4Decadienal 4058 1.73 1756 R Deepfried 0.01 [2]
Phenylethyl alcohol 40.80 0.26 1763
&Heptalactone 41.66 160 1783 Sweitt‘t:;w”“t'
1-Undecanol 41.93 210 1792 Fresh, waxy, rose,
soapy
(E,E)-2,4Decadienal 4225 1.64 1800 R Deepfried 0.18 [2]
Tridecanal 4257 224 1809 R F'OWeraZ";ﬁet' mus
Geranylacetone 4390 1.85 1846 Magnolia, green
Butyl benzoate 4399 1.64 1848 Balsf?:;;;, it
Hexanoic acid 4416 1.01 1853 Sweet, sour, fatty 0.7 [3]
&Octalactone 4566 177 1891 Sweet, cocont,
creamy
Tetradecanal 4631 236 1914 R Fatty, lactonic,
coconutwoody
1-Dodecanol 4757 2.14 1951 Soapy, waxy, cleal
Heptanoic acid 4799 1.01 1963 Waxy cheesy, fruity 0.1 [2]
aNonalactone 4949 1.85 2007 Fatty, coconut
Pentadecanal 49.89 248 2020 R Fresh, waxy
. . Rancid, soapy,
Octanoic acid 51.58 1.01 2072 cheesy 3 [2]
a-Decalactone 53.16 1.98 2109 Fruity, fresh, peact
Hexadecanal 53.31 2.58 2126 R Cardboard
1-Tridecanol 5423 2.17 2155 Musty
Nonanoic acid 5491 1.05 2176 Fatty, waxy, chees
Methyl palmitate 5500 2.44 2208 Oily, ey, fatty,
Ethyl palmitate 57.06 2.61 2247 Waxy, fruity, cream
Decanoic acid 58.24 1.05 2286 Soapy, waxy, fruity
Palmitic acid 5056 2.69 2332 Y, GRS, Tl
soapy
Heptadecanal 59.72 2.74 2338 R -
1-Tetradecanol 60.40 221 2361 Coconut
Butyl palmitate 62.23 3.11 2438

5.13.8Method-Performance Parameters

A simple validation protocol was designed to establish method performance in terms of
precision for quantitative descriptases D peak volumes measured on analytes targetijon
This protocol included experiments c&#$PME with DVB/CAR/PDMS (SPMHERIF), HSSE
with 100% PDMS -TWh)jaadtDel® sampling &ith PDMS foams (IBHS/S).
Precision data (intra and intexek precision on retention times and 2D peak volumes on selected
odorantsTi), were evaluated byplieating analyses (six replicates) over a period of three weeks.
Results are reported as Supplementary Mat&waplementaryTable 5.1.1and are expressed
as percentage relative standard deviation (RSD%).
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5.1.3.9Raw Data Acquisition and GCxGC Data Hanéing

Data were acquired using TDB software (Markes International, Llantrisant, UK) and
processed using GC Image ver 2.8 (GC Image, LLC, Lincoln, NE, USA). Statistical analyses wel
performed using XLStat (Addinsoft, Paris, France).

5.14 Results and Discussion

This study aimed to evaluate how sample preparation can impact hjgbrréiselution
fingerprinting of the oliveil volatilome when GC x GTOF MS is exploited for both its
untargeted and targeted investigation potential. [Muadiome has been chosen as the model
here because of its chemical complexity, also referred to as chemical diméhsiodakity

high informational density it brings tecuiblity characterization and sensory evaluation.

The performance of the different sample preparation appreaehaisiated by considering
untargete and targeted peadgion features using the UT fingerprinting strategy, while a focus on
some odowrctive compounds is also discussed in view of their relevant roles in delineating olive
oil aroma.

The next paragraph will introduce the ediv@olatilone by illustrating 2fpeak patterns as
they result from a polar x mediyoolarity column combination.

5.14.1 ExtraVirgin Olive Oil Complex Volatilome by GCxGC Fingerprinting

The chemical complexity of the oloievolatiiome can be effectively degctiby the concept
defined by Giddings, known as chemical dimensigfalitych was introduced to describe the
degree of order/disorder that can be achieved in multidimensional separations. Volatiles in olive oi
are generated from multiple chemical reactions, mainly promoted by endogenous or exogenoL
enzymes, that occur inveliprimary metabolites during fruit ripening and, later, thgoesist and
processing stages. In addition, storage andifeheifly add additional complexity, resulting in
thousands of volatiles that belong to different chemical classes and lu#fifgpatarity, volatility
and concentration.

High resolution separations and orthogonal detection by mass spectrometry are fundamente
for the accurate fingerprinting of volatiles. In addition, the possibility of obtaining structured
separation patternsrfchemically correlated compounds is of great help; analyte identification can
be confirmed by observing analyte relative elution, while for unknowns, information about their
relative polarity and volatility can be reliably hypothesized because ofiphe reteltion
mechanisms used by the techniigewre 5.L1Ashows the 2D pattern of the PGl Toscano extra
virgin olive oil (EVOO), which was taken as a reference sample for the study. The number of
detectable 2ipeaks, over a sig#ainoise ratio (SNRhreshold of 50, is about 1500, and reliable
identification was possible for 114 of them by mattbilgand MS spectra with those collected
in commercial and-dmouse databas&s®

Of the most important classes of informatatiles, compounds formed from lipoperoxide
cleavage, also referred to as the lipoxygenase (LOX) sigigited (L 1B), are fundamental for
the definition of freslgreen and fruity notes, which are considered positive attributes. Of the C6
unsaturat alcohols and aldehydes, hexanal was connoted by green apple and grass¥ notes, (2)
hexenal had green and grassy odeg:liExenal was described as bitter almond and gregn, (2)
hexenol and (E}-hexenol had both green notes;ZBexenol evokes gregrass and leaf odors,
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while (E,Z)2,4hexadienal had a green odor. All of these compounds were formed from linoleic
and linolenic acid oxidative cleavage, as promoted by lipoxygenase (LOX) and hydroperoxide lya
(HPL) pathway¥.

Figure 5.11Cillustrates the homolog®sgeries of linear saturated and unsaturated aldehydes,
together with a few ketones that were most likely formed-eynmpmatic hydroperoxide cleavage.
This last group of analytes generally provides information clifeslelblution®; increasing
concentrations gdotent odorants of this class bring rancid and fatty notes. Heptanal, octanal, and
nonanal, although possessing different odor potencies, had fatty and waxy notes, decanal ar
undecanal were described as waxy and fatty, while the seri@suob@i)rad aldehydesd,
from (E)}2-heptenal to (E2-Decenal) had odors that evoked apple and green leaf, up to fatty and
tallowy notes for the higher homologues.

The enlarged area Bigure 5.11D shows the retention region of a group of branched
unsaturatetlydrocarbons, eluting later in#beThey were identified by Angerosa étialolives
at early stagesriening. They were 3ethyll,5hexadiene (RS + SR),-8idthyt1,5hexadiene
(meso), 82 and BE)-3-Ethyll,5octadiene, H,Z)- and E,E)-3,#decadiene andE)-4,8
Dimethyt 1,3,7nonatriené®>:

T n
JAEE)-2,4-Hexadienal’
(E,Z)-2,4-Hexadienal |

(2)-3-Hexen-1-0 4 _x

,,i‘iA k

A
5 "NE)-2-Hexen-1-ol7

Tetradecanal
\ Tridecanal a | ]
Dodecanal [*g 3
A ‘ Undeécanal g | Pentadecanal
4 Decanal
Nonanal !i‘ »a
Ca B

Octanal
Heptanal
s

(E,2)-3,7-Decadiene

\
(SE)-3-Ethyl-1,5-octadiene (E,E)-3,7-Decadiene

(52)-3-Ethyl-1,5-octadiene |

0

~a H Y| e (E)-2-Decenal
: e

~(E)-2-Nonenal
He (E)-2-Octenal
| (E)+2-Heptenal
\‘, »RB< ()2 Hexenal |
(2)-2;Hexefial | !
P B_L(£)-2-pentenal \

\
P
g Rexanal g s
> 3 3,4-Diethyl-1,5,-hexadiene (meso)

3,4-Diethyl-1,5,-hexadiene (RS+SR)

Figure 511 2D pattern of the PGI Toscano EVO&1.14, together with some informative patterns of volatiles. The
lipoxygenase (LOX) signature is shown in paiel B, linear saturated andsaturated aldehydes are illustrated in panel
(5.1.1¢, while paneb(1.1D shows the enlarged area of branched unsaturated hydrocarbons correlated to olive frét freshness

This chemical complexity can also be explored by simple datapoirftrfigatprating®; this
pointwise approach, also explored byFvaire et af.in a study focused on olive oils from different
cultivars, enables pelmtpoint, or pixeby-pixel, chromatogram comparisons to be performed. In a
GC x GGTOF MS chromatogram, every datapoint corresponded to a detectoeevsirigle MS
spectrum. Features located at the same retention times in a pair of chromatograms were implicit
matched using this approdéigure 5.1.2 shows the 2fpatterns of the analyzed EV oliveFodre
5.12A), and of a reference oil fré@C for the fusty/muddy defedtigure 5.1.2B). The comparative
visualization was rendered as the colorized fuzzy Fagiorm5.1.2C, and analyte relative abundance
in the two samples was highlighted by-colding (green, red, and lighty). In tfs specific paivise
comparison, performed on the normalized total ion current (TIC) response to the smooth
concentration effect, several compounds were present in a higher relative ratio in the analyzed sam,
(e.g.fusty/muddy oil). They were -B@tanéliol, 2butenal, 3nethyll-butanol acetate, 3jmethy
2-hexanone,-Beptanone, heptanalr@thyl5-hepter2-one, nonanal, propanoic acid, butanoic acid,
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3-methyl butanoic acid, and pentanoic acid. On the other hand, red colored datapoints amrrespond t
compounds that were more abundant in the reference sagpe (il). They were-ethyll-
butanol, E)-2-hexenal 4)-3-hexenol, hexanok }-2-hexenol, acetic acid, and dodecanol.

0,0 N/A | Range: [-38980,4809558] 0,0 N/A Range: [93,4870230]

Figure 51.2.2D pattern of the PGI Toscano EVO dl1.2A and that of a reference oil from 10C for the fusty/muddy defect
(5.1.2B. Comparative visualization is renderesl InAQ as colorized fuzzy ratio and analyte relative abundance in the two
samples is highlighted by ceatoding (green, red, and lighdy). For details see text.

This last approach is a clear example of howdsiglution bdimensional separation can
effectively compare sample patterns and give prompt results on compositional differences. The san
approach, performed on 4BC profilesyould fail for minor components or for those affected-by co
elution issues, although it would be effective for more highly abundant peaks/components.

The next paragraph will discuss the results of the differential information provided by the explored
samfing approaches, which are based on untargetaeggieakdistribution.

5.14.2Sampling Information Potentials Based on Untargeted Data

Smarttemplateconcept based pattern recognitiowas used to study sampling effectiveness and
2D-pattern information potential. The template corresponds to the pa&rpeaks and/or their
corresponding graphic objects created over the@ocontour of a reference image(s) (single or
composite imag®) This template is then used to recognize similar peak patterns in an analyzed image(:
% Template objects (3eak and/or graphic) carry various metadata such as retentidh tinass,
spectrum, compound name, compound group, informative ions and their relative ratios, additiona
constraint factions, and qualifier functions. Typical constraint functions are those that limit positive
correspondence to analytes that show aindgi@entation pattern similarity above a fixed threshold,
while qualifier functions may provide information aboutyguadlitators, as calculated via scripts that
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are developed ad hoc. These functions enable highly spectmnepasson of data, providing-2D
peak realignment across samples with high consistency.

Peakregion features, introduced by Reichenbach avotkers®®, are template objects that give
considerable assistance in compensating for temporal inconsistencies, detector fluctuations and hig
variable sample compositions. They provide greater robustness tfatyseakmethods, while
offering all the adntages of offeatureto-oneanalyte selectivity. The combination of botip&iks
and peakegions was adopted for combined untargeted and targeted fing@rpJiftimgerprinting
strategy2*316:4

In UT fingerprinting, a group of reliable peatisich positively match across all or most
chromatograms in a sétis established and then used 4aliga chromatogrant$ before their
combination into a singtemposite chromatogram. The composite chromatogregsponds to the
sum of the raligned datapoint responses in the 2D retdmhierplane. It can therefore be treated as
a regular 2Bhromatogram for peak detection and metadata extraction. -Bleé clukeliable 2D
peaks and all tipeakregions extracted by peak outlines in the composite chromatogram are collected
in a featuréemplate, or consensus templatech covers the chemical dimensionality of the whole
sampleset, and that is capable of capturing chemical variabilitygivigpécificity. The subset of
known compounds can be completed from all detected analytes by filling their metadata field:s
(compound name, ion ratid$;, this subs#t reported infable 5.1.2f can be separately processed for
the interpretatioof results.

A schematic of the UT fingerprinting process is illustrated in Supplementanfi Material
Supplementary Figureb.11together with some details on targeted and untargeted 2D peaks and peak
regions.

In this specific application, UT fingerprinting is extrersefylisince it enables a consistent re
alignment of detected features (UT peaks) when different sampling approaches are applied. In th
context, the crosomparative analysis aims at revealinga2€rn differences brought by the
extraction techniqueather than those related to the different composition of a selection of samples.

The distribution of about 1500 untargeted and targetpdad®gions is illustrated as a heat
map inFigure 5.1.3. Analyte responses (absolutgp2Bk volume) were normatizesing the Zcore
(e, mean subtraction and normalization to the staddeiation) and clustered (hierarchical
clusterinj HC) based on Spearman rank correlation. For each sampling approach, three analyticz
replicates were computed.
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Figure 51.3. Heatmap showing the analygsponse (absolute Zi@ak volume) distribution resulting from the different
sampling approaches. Data were normalizeesbgrg i(e, mean subtraction and normalization to the standard deviation) and
clustered (hierarchicdlisterin HC) based on Spearman rank correlation. For each sampling approach, three analytical
replicates were computed.

The tested techniques with higher amounts of polymer gave better results in terms of
concentration capacity, as expected; the appsitacthe highest TIC response, calculated over
all UT peaks, was HS®IDMS/CPB (1.56 x I, as indicated by the predominance of red colored
spots on the heatap. This was followed by DHENAX (1.17 x 10 and then by DHEDMS
(8.89 x 10). As expected SPMETRIF was the approach with the lowest overall TIC response.
However, its coverage for kamyalytes is quite good, as will be illustrated in the next section.

These following preliminary considerations can be confirmed upon observing the HC results
(Figure 51.3): SPMETRIF clusters independently of the other approaches; HSSE with PDMS
twisters (HSSEW1 and HSSHW?2) and the combination of PDMS and Carbopack B HSSE
PDMS/CPB) were all clustered together with theckigber of the two PDMS devicesiich
differed in the amount of extraction polymer. Interestingly, both DHS approaches were closely
clustered, as were MM8IBDS/GC and HSSEPDMS/EG, which, however, showed limited
accumulation capacity.

The next section will discuss sampling performanaedtow selection of targeted analytes of
interest for oliv@il sensory profiles.
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5.14.3Focus on Informative Targeted Analyte Signatures

Of the group of analytes that were targeted, the class of alcohols provides information on LOX
activity in ripened dits, and on enzymatic reactions promoted by bacteria and molds. Their
concentration factors (CFs), obtained fEmuation 5.11, are calculated over SPVIEIF, which
is taken as the reference technique:

Equation 5.11 00 ——,

whereA; is the 2Dchromatographic area of thanalyte obtained by applying a certain
sampling device/approaatey xandA; SPME TRIHs the analytechromatographic area resulting
from the HSSPME approach, which is taken as the reference technique.

Results were visualized in the e of Figure 5.14A; alcohols were, in general, better
recovered by MMSBDS/GC and DHSPDMS sampling, with the latshowing a mean CF of
120 and a median of 3.36. The alcohols that were recovered mostRIYNISISampling were
2-methyl1-propanol (CF 1548) aneetradecanol (CF 557). Indeed, DHS shows lower CF values
for the most volatile members of the linear deBesthanol, pentanol, hexanol, heptanol, octanol,
and nonanol), most probably because of their breakthrough (see below for further comments). The
two C6 unsaturated alcoholg)(@nd Z)-3-hexenol), with a high information potential being
fundamentafor their green note contribution to the overall flavor, were better recovered by all
devices, except SPMRIF. It is worth noting that their relative abundance in the sample was so
high that their detection by HS sampling was not generally limitingethiemlcohol, the
aromatic member of this chemical class, showed the opposite tendency, being better enriched
SHS with HSSIPDMS and duglhase twisters HSSEIODMS/CBP.

Another interesting chemical class is that of unsaturated aldehydes; they dre forg  t h e
scission of unsaturated fedtyid hydroperoxides, and their odor thresholds are generally lower than
those of the saturated homologs. They have been described in the volatile fraction of defected oil
2 (rancid, moldy and fusty) and contribute with fatty and rancid Figtes. 5.1.4B shows CF
values within a stget of techniques for the most relevant members of this series. In this case, the
HSSE approach gave higher average CFs thanahéectiniques. FOE)-2-octenal andH)-2-
nonenal, MMSEODS/GC reported CFs of 10 and 13, showing good selectivity, compared to
SPMETRIF, for these two analytes, which were connoted by very lowe)U€04 and 0.9
mg/kg.
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Figure 51.4.Heatmap illustrating concentration factor (CF) values for the alcohobsgrigs ¢nd unsaturated aldehydes
(5.1.4B relative to the selected devices/approaches, witiplsatid microextraction (SPMIERIF being taken as the reference.

The results add also be examined by observing the relative concentration capacity of each
device/approach toward selected analytes and by taking the most effective one as a reference. Ir
few words, a unit value was assigned to the most effective approach towanagleanalyte
and the ratios between analyte responses were calculatétl iange for the other sampling
devices. Sampling selectivity was emphasized with this parameter, if calculated for homolog
therefore it is a parameter to be considereditheptimization. Results for saturated aldehydes,
alcohols, and shechain fatty acids are shown in histogramgures 5.1.5AC.

Saturated aldehydes, the series from C6 to C17, showed an interesting trend. The stati
headspace approaches (SPANVEH-, MMSEODS/GC, and HSSE), better recover the most
volatile members of the series (from C6 up to C12), provide higher amount of the accumulating
polymer, and more uniform relative analyte recovery, although they do so to different extents. Fo
example, HSSEW2 achieves unit values fo®C6 and C12, and is one of the best performing
devices for these analytes. For higher homologs in the seri]17C1Be highest relative
concentration capacity was shown by PB#S. Interestingly, opposite trends are vedevith
SPMETRIF, which discriminates this series in favor of the most volatile species, -#1NI$ S
which better enriches the less volatile memberdGCa)3

For the alcoho@sseries Kigure 5.15B), the most effective approach to enrich the higher
homologs, from C9 to C14, was HSBKE2. Complementary behavior is shown by MMSE
ODS/GC and DHSPDMS; they effectively enrich alcohols from C2 to C8. SIRWE
represents this chemical class well and displays less discrimination than observed for aldehydes.

Fatty acidsHigure 5.1.5C), within the C2 to C10 range, were well characterized by HSSE
TW2, which maximized the extraction for those with lower volatility. On the other hand, volatility
discrimination is evident in the SPVIEIF profile.
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Figure 5.1.5. Relative concentration capacity of each device/approach towards selected analyte classes (satufated aldehydes
(5.1L5A), alcohol (5.15B), and fatty acids(5.15C)) with the most effective approach being taken as the reference.

Theseexperimental results demonstrate how high concentratianity (HCC) HS can
provide useful information on okwé volatilefraction compositions and also enable trace and
ultratrace analyte® be quantitatively recovered. However, as demonstrabdddoying CF
trends in absolute and relative terms, this information is partial and can only be adopted for cross
sample analyses. Any conclusion about the quantitative distribution of volatiles in the sample woul
be erroneous if not obtained via accurasmtitation methodé*:
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