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Streszczenie

Ocena jakosci produktow, ktéra zalezy od wielu parametréw (w tym skladu chemicznego)
z definicji wymaga podejscia globalnego. W wigkszosci przypadkéw nie jest to mozliwe
poprzez kontrolg wylacznie jednego czy dwoch parametrow. Z tego wzgledu produkty
opisuje si¢ przez sygnatl analityczny (potencjalnie bogaty w informacj¢ chemiczna). Sygnat
taki bedzie zlozony, gdyz zawiera wklady pochodzace od indywidualnych komponentéw
badanych produktéw. Czesto do opisu produktéw uzywa si¢ sygnaléw nieselektywnych
(np. chromatogramy czy widma spektroskopowe). Zaséb informacji w nich zawartej pozwala
rozpatrywa¢ je jako tzw. chemiczne odciski palca, ktére oddaja unikalno$¢ badanych
probek. Ze wzgledu na ztozony sklad chemiczny czgsto obserwuje si¢ interferencje sygnatow
pochodzacych od poszczegdlnych komponentéw. Techniki chemometryczne umozliwiaja
izolacj¢ uzytecznej informacji, ktéra z tego powodu nie jest bezposrednio dostgpna. Zalety
chemicznych odciskéw palca powoduja, ze sa one coraz czgsciej wykorzystywane do oceny
jakosci produktéw, zwlaszcza w kontekscie badan probek spozywczych, analityki procesowe;j
czy monitoringu srodowiska.

Celem zrealizowanych badan bylo efektywne wykorzystanie informacji zawartej
w nieselektywnych sygnatach analitycznych do rozwiazywania problemow szeroko pojetej
chemii analitycznej. Opracowano szereg rozwiazan analitycznych stuzacych ocenie jakosci:
cukru (ze wzgledu na zabarwienie i zawarto$¢ popiotu), oleju napedowego (ze wzgledu na
normy prawne dotyczace wysokosci podatku akcyzowego) oraz produktéw spozywczych
takich jak kawa, migta pieprzowa, bazylia, oregano, pasta pomidorowa i herbata
typu rooibos (ze wzglgdu na catkowita zawarto$C antyoksydantow i polifenoli).
Produkty scharakteryzowano poprzez nieselektywne sygnaty analityczne takie jak:
fluorescencyjne widma synchroniczne — fluorescencyjne obrazy, widma rejestrowane
w zakresie podczerwieni oraz chromatogramy zarejestrowane z wykorzystaniem techniki
wysokosprawnej chromatografii cieczowej sprz¢zonej z detektorem DAD (HPLC-DAD).
Dla kazdego celu badawczego wybrano niezbgdne techniki chemometryczne, ktore
umozliwity opracowanie funkcjonalnych metodyk analitycznych i sformulowanie
konstruktywnych wnioskéw. Metodyki uzupelniono dokonujgc walidacji podstawowych
parametréw charakteryzujacych procedury analityczne.

Proponowane  rozwigzania  eliminuja  konieczno$¢  wykonywania  kosztownych
i czasochtonnych analiz dzigki zastosowaniu sygnalow nieselektywnych. Wszystkie
eksperymenty projektowane byly tak, aby ograniczy¢ produkcj¢ szkodliwych odpadéw
chemicznych — zgodnie z zasadami zielonej chemii. Sygnaty nieselektywne, tam gdzie to
mozliwe, rejestrowano dla probek bez wstepnego przygotowania do analizy lub uzywajac
wody destylowanej jako jedynego rozpuszczalnika. Wysoka efektywnos$¢ proponowanych
rozwigzan sprawia, ze mogg one by¢ rekomendowane do zastosowan praktycznych
w laboratoryjnych badaniach rutynowych oraz typu on-line, do kontroli jakosci produktow.
Taka adaptacja wymaga jednak przeprowadzenia dodatkowych badan, zwlaszcza
z uwzglednieniem mozliwych zmian sktadu chemicznego prébek.
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Summary

Quality of products depends on many parameters including their unique chemical
composition. By definition, the global approach for the quality evaluation is necessary.
It often requires simultaneous control of more than one parameter. Thus, the evaluated
product is described by instrumental signal(s) possibly reach in chemical information
(containing the inputs of several chemical components included in the product). The
nonselective signals (e.g. chromatograms or spectra) are used frequently. They are considered
as chemical fingerprints since the information they contain is unique. Nevertheless, the
complex chemical composition of products leads to overlaps of particular signals
characterizing different components. Isolation of significant information from such complex
data facilitates the application of chemometric approaches. Considering their advantages the
chemical fingerprints are used to evaluate quality of food products, in process analytical
technology, and to monitor the environment.

The aim of the research was to extract the relevant information form the nonselective signals
in order to develop novel analytical approaches for the quality evaluation. Different
approaches aiming at evaluation of the quality of sugar (in course of its color and ash
content), diesel oil (in course of the level of the imposed excise duty) and food products as
coffee, pepper mint, oregano, basil, tomato paste, and rooibos tea (in course of their total
antioxidant capacity and total polyphenol content) are developed. The nonselective signals
like excitation-emission fluorescence matrices, high performance liquid chromatograms
detected by diode array detector (HPLC-DAD) and infrared spectra were registered for
examined products. Obtained signals were efficiently modelled using selected chemometric
methods. Moreover, the developed new chemical approaches have been validated according
to their chemometric and analytical parameters.

The application of the nonselective signals in the developed approaches significantly reduces
or fully eliminates the use of classic, laborious, time and money consuming analytical
methods. All of performed experiments were designed in accordance with the green
chemistry principles, i.e. to limit the amount of harmful chemical wastes. Thus, the
nonselective signals were collected for raw samples (without any laboratory preparation) or
with the use of distilled water as the only solvent.

Regarding to the high efficiency of the developed methodologies they can be recommended
for the routine laboratory or on-line quality evaluation. It should be emphasized, the
presented results refer to the preliminary studies and the application must be preceded by the
additional experiments (taking into account the various changes of chemical composition
of samples).
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Wykaz skrotow stosowanych w pracy

Skrot
'HNMR
MS

IR

NIR

MIR
ATR

S/N

PCA
P-ALS
MCR-ALS
PARAFAC
COW
PLS
N-PLS
MLR

PC

PCR
RMSE
RMSEP
RMSCV
PRM
UVE-PLS

LDA
D-PLS

CART
SIMCA
ORAC

TAC

Nazwa polska
protonowy rezonans magnetyczny

spektrometria mas

podczerwien

bliska podczerwien

wilasciwa podczerwien

ostabione catkowite odbicie

stosunek sygnatu do szumu

analiza czynnikéw gléwnych

metoda asymetrycznych najmniejszych
kwadratéw z funkcjg kary
wieloparametrowa dekonwolucja

z wykorzystaniem iteracyjnej metody
najmniejszych kwadratéw
wspolbiezna analiza czynnikowa
metoda zoptymalizowanego
nakladania sygnalow maksymalizujaca
ich wzajemnga korelacje

regresja czg¢Sciowych najmniejszych
kwadratéw

N-modalna regresja czgsciowych
najmniejszych kwadratow

metoda regresji wielorakiej

czynnik gtowny

regresja czynnikow gtéwnych

$redni btad kwadratowy

sredni bad kwadratowy
przewidywania

sredni bfad kwadratowy walidacji
krzyzowej

stabilny wariant regresji cz¢gsciowych
najmniejszych kwadratow

regresja czg¢Sciowych najmniejszych
kwadratoéw z eliminacja zmiennych
nieistotnych

liniowa analiza dyskryminacyjna
dyskryminacyjna metoda regresji
czgsciowych najmniejszych
kwadratow

drzewa klasyfikacji i regresji

metoda modelowania indywidualnych
grup probek

zdolnos¢ pochtfaniania rodnikow
tlenowych

catkowita zdolnos¢ antyoksydacyjna

Nazwa angielska

hydrogen — 1 nuclear magnetic
resonance

mass spectrometry

infrared

near infrared

middle infrared

attenuated total reflectance

signal to noise ratio

principal component analysis
penalized asymmetric least squares

multivariate curve resolution
alternating least squares

parallel factor analysis
correlation optimized warping

partial least squares regression

N-way partial least squares
regression

multiple linear regression
principal component

principal component regression
root mean square error

root mean square error of
prediction

root mean square error of cross-
validation

partial robust M-regression

uninformative variable elimination
partial least squares

linear discriminant analysis
discriminant partial least squares
regression

classification and regression trees
soft independent modelling of class
analogies

oxygen radical absorbance
capacity

total antioxidant capacity
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Notacja matematyczna stosowana w pracy

X skalar
X wektor
X[m,1] wektor o wymiarach mx1
X macierz
X(m.n] macierz o wymiarach mxn
X tensor
X[m.n.0] tensor 0 wymiarach mxnxo
|®)| iloczyn Khatri-Rao
|le]] norma euklidesowa wektora
|o] wartos¢ bezwzgledna

T

operacja transpozycji wektora x
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1. Wstep

1. Wstep

Ocena wiasciwosci fizycznych i chemicznych probek o ztozonym sktadzie chemicznym jest
niewatpliwie jednym z aktualnych wyzwan analizy chemicznej. Zagadnienie to obejmuje
oznaczenia jakosciowe i ilosciowe wybranych skladnikéw chemicznych, jak rowniez oceng
wilasciwosci wynikajacych z interakcji roéznych komponentéw zawartych w prébcee.
Parametry charakteryzujace probke, zalezace od jej ogdlnego skltadu chemicznego
to np. smak, zapach, calkowita zdolnos¢ antyoksydacyjna, konsystencja czy warto$é
energetyczna. Niektore z tych parametrow sg wyznacznikami pewnej cechy probki jakg jest
jej jakos¢. Poniewaz jakos¢ czgsto zalezy od wielu parametrow, a takze od ogélnego sktadu
chemicznego produktu, jej ocena wymaga podejscia globalnego. Zalozenie, ze bedzie
to mozliwe poprzez kontrolg tylko jednego czy dwoch parametrow jest czesto bledne. Z tego
powodu probki zazwyczaj opisuje si¢ przez sygnal analityczny, ktory jest potencjalnie
bogatym nosnikiem informacji chemicznej. Taki sygnal bgdzie zlozony, poniewaz zawiera
wktady pochodzace od wielu indywidualnych komponentéw prébki. Sygnaty selektywne,
w kontekscie badania probek ztozonych, mogg by¢ potencjalnie rejestrowane tylko z uzyciem
technik rozdzielczych np. chromatografii, umozliwiajacych izolowanie poszczegolnych
skfadnikow probki i ich ilosciowe oznaczenie. Uzyskanie sygnalu selektywnego w duzym
stopniu zalezy od liczby skfadnikéw probki i parametréw pomiaru (np. rozdziat
chromatograficzny musi by¢ optymalny — to wymaga odpowiedniego doboru kolumny,
sktadu fazy ruchomej, warunkéw rozdziatu itp.). Dlatego tez, calkowity rozdziat sktadnikow
probek naturalnych takich jak ropa naftowa, zywnos¢ czy probki biologiczne jest czgsto
bardzo trudny, a nawet niemozliwy do osiagnigcia. Efektywnos¢ rozdzialu
chromatograficznego, a przez to jakos¢ rejestrowanego sygnatu, mozna poprawié
m.in. poprzez:

e stosowanie okreslonych procedur laboratoryjnych (np. poprzez wstgpne oczyszczanie,
ekstrakcje czy zaggszczanie probki),

e zwigkszenie zdolnosci rozdzielczej uktadu chromatograficznego (np. poprzez stosowanie
ortogonalnych systeméw chromatograficznych, dodatkowego rozdzialu, technik
sprzezonych czy zaawansowane) detekcji),

e wykorzystanie technik chemometrycznych w celu izolacji uzytecznej informacji, ktora
jest bezposrednio niedostgpna z powodu interferencji sygnatdéw pochodzacych od
wszystkich komponentow mieszaniny.

Stale rosngca popularno$¢ metod chemometrycznych, wspomagajacych interpretacije,
eksploracje, klasyfikacje¢ i kalibracj¢ ztozonych sygnaléw analitycznych przyczynia si¢ takze
do coraz czgstszego wykorzystywania nieselektywnych sygnatow analitycznych do oceny
wybranych parametrow (w tym jakosci) wybranych produktéw. Sygnat nieselektywny
réwnoczesnie definiuje wiele skfadnikéw chemicznych probki, posrod ktorych znajduja sie
te, ktére bezposrednio wplywaja na kontrolowany parametr. Zaséb informacji zawartej
w nieselektywnych sygnatach pozwala rozpatrywac je jako tzw. chemiczne odciski palca
badanych probek, charakteryzujace ich wunikalno$¢. Dobér odpowiednich metod
chemometrycznych umozliwia modelowanie parametréw i wlasciwosci objasnianych przez
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1. Wstep

rozne regiony sygnatu analitycznego. Dzigki takiej mozliwosci sygnaly nieselektywne coraz
czesSciej sa uzywane w badaniach probek spozywczych, kontroli stanu srodowiska
naturalnego czy na potrzeby analityki procesowe;.

W niniejszej pracy doktorskiej omawiam mozliwosci zastosowania rdznych sygnalow
nieselektywnych do skutecznej kontroli wybranych parametrow opisujacych jakosé¢
wybranych produktow.

Charakterystyke nieselektywnych sygnalow instrumentalnych, a w szczegdlnosci, tych ktore
uzylam w moich badaniach przedstawiam w rozdziale drugim. Metody chemometryczne,
ktore uzylam w pracy, dostosowane do analizy wybranych chemicznych odciskéw palca
i wydobycia informacji o jakosci badanych probek opisalam w rozdzialach trzecim
i czwartym. Rozdzialy te wzbogacilam przykladami zastosowan poszczegdlnych sygnalow
lub metod w przeprowadzonych badaniach.

Przyklady zastosowan zaznaczylam pionowa linia znajdujaca si¢ po lewej stronie
fragmentéw pracy, w ktorych je przytaczam.

Nastgpnie, w rozdziale pigtym omawiam pie¢ dziedzin, w ktorych jako$é jest definiowana
réznorako, a do jej oceny wykorzystywane sa sygnaly nieselektywne i podejscia
chemometryczne. Badania wlasne, bedace ilustracja mozliwosci wykorzystania sygnatow
nieselektywnych do oceny jakosci réznych produktow przedstawiam w szesciu artykutach
naukowych sktadajacych si¢ na cykl publikacyjny stanowigcy podstawe niniejszej pracy oraz
w rozdziale pt. Badania wilasne nieopublikowane. Prac¢ zamykajg rozdzialy zawierajace
podsumowanie i wnioski oraz pozycje literaturowe, na ktére powotuj¢ si¢ w prowadzone;j
dyskusji. Dotaczam réwniez list¢ moich osiggnig¢ naukowych oraz podzigkowania za
uzyskane wsparcie finansowe badan zrealizowanych w ramach pracy doktorskiej.
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2. Nieselektywne sygnaly analityczne i ich przyklady

Kazdy sygnat instrumentalny, ktory zawiera informacje o chemicznych komponentach probki
1 rownoczesnie nie pozwala na bezposrednie oraz jednoznaczne oznaczenie jakosciowe badz
ilosciowe wybranego skiadnika lub tez okreslonej wihasciwosci analizowanej mieszaniny
chemicznej mozna nazwac¢ nieselektywnym sygnalem analitycznym.

Techniki instrumentalne, przy pomocy ktérych rejestrowane sa sygnaty nieselektywne dla
probek pochodzenia naturalnego to migdzy innymi spektroskopie w obszarze bliskiej
podczerwieni i protonowego rezonansu magnetycznego (ang. hydrogen-1 nuclear magnetic
resonance, 'HNMR) lub techniki chromatograficzne. Nie podlega watpliwosci, ze sygnat
analityczny rejestrowany dla tej samej substancji przy uzyciu dwdch réznych technik bedzie
si¢ roznit. Przyktadem takiej sytuacji sa chromatogram i widmo 'HNMR zarejestrowane dla
tej samej substancji. Na chromatogramie be¢dzie ona reprezentowana przez jeden pik, a na
widmie spektroskopowym bedziemy obserwowaé zbiér pikdw charakterystyczny dla
struktury chemicznej tej substancji (rysunek 1).
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Rysunek 1 a) przyktadowy chromatogram mieszaniny pestycydéw, na ktérym drugi pik odpowiada
propionianowi 2-fenyloetylu oraz b) zbiér pikéw tworzacych widmo '"HNMR reprezentujace ten sam
zwigzek chemiczny [1].

2.1. Chromatogramy

Rozdzial chromatograficzny to jedna z operacji analitycznych, wykonywana najczesciej
w celu ustalenia sktadu chemicznego prébek zlozonych. Skuteczny rozdzial komponentow
chemicznych zawartych w badanej probce jest mozliwy dzigki zastosowaniu ukladow
chromatograficznych charakteryzujacych si¢ roznymi wilasciwosciami retencyjnymi.
Pelniejsza informacj¢ na temat skiadu probki, wstepnie rozdzielonej chromatograficznie,
mozna uzyska¢ stosujac rozne typy zaawansowanych detektordw, np. detektor z matryca
diodowa (ang. diode array detector, DAD) lub detektor mas (ang. mass spectrometry
detector, MS). Jednakze, identyfikacja poszczegdlnych substancji wykrytych podczas
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rozdziatu chromatograficznego jest zadaniem czesto skomplikowanym i wymaga stosowania
kosztownych substancji wzorcowych. W przypadku probek o zlozonym sktadzie
chemicznym uzyskanie skutecznego rozdziatu chromatograficznego jest trudne lub wrecz
niemozliwe. Pomimo braku optymalnego rozdziatu, chromatograficzne odciski palca probek
sg efektywnie wykorzystywane do konstrukcji chemometrycznych modeli, ktore wspomagaja
kontrol¢ jakosci. Dzigki odpowiedniemu doborowi metod przygotowania i modelowania
chromatograméw jest to mozliwe nawet wtedy, gdy rozdziat chromatograficzny nie jest
optymalny i/lub gdy poszczegdlne piki chromatograficzne nie zostaty zidentyfikowane.

2.2, Widma spektroskopowe

Widma  spektroskopowe charakteryzuja interakcje  pomigdzy badang  probka,
a promieniowaniem elektromagnetycznym. Informacje zawarte w widmie spektroskopowym
mogg odzwierciedla¢ wtasciwosci absorpcyjne i/lub emisyjne badanej materii. W zaleznosci
od przyjetej metodyki pomiaru badana jest interakcja sktadnikow prébki z promieniowaniem
elektromagnetycznym o:

e okreslonej energii (jedna wybrana dlugos¢ fali elektromagnetycznej) w zdefiniowanym
zakresie pomiarowym, np. widma absorpcyjne UV-Vis lub w zakresie podczerwieni
(ang. infra red, IR) bliskiej (ang. near infrared, NIR) czy wiasciwej (ang. middle
infrared, MIR), a takze fluorescencyjne widma emisyjne;

e roznej energii (wybrany zakres diugosci fal elektromagnetycznych) w zdefiniowanym
zakresie pomiarowym, np. fluorescencyjne obrazy probek.

Bez wzgledu na to, czy badana jest interakcja pomig¢dzy sktadnikami prébki, z jedng czy
wieloma dlugosciami fali elektromagnetycznej, rejestrowane widma mogg mie¢ charakter
nieselektywny. Widma rejestrowane dla szerokiego zakresu pomiarowego z reguty zawieraja
wigcej chemicznej informacji, a zatem sygnat jest bardziej charakterystyczny. Przykladem
nieselektywnych  sygnatéw  spektroskopowych o bogatym zasobie informacji
sa fluorescencyjne obrazy lub widma absorpcyjne rejestrowane w zakresie podczerwieni.

2.2.1. Fluorescencyjne obrazy

Fluorescencyjne obrazy nazywane rowniez fluorescencyjnymi widmami synchronicznymi
(ang. excitation-emission fluorescence spectroscopy matrices lub fluorescence landscapes),
to rodzaj pomiaréw instrumentalnych, ktdrych wynikiem s3 dwuwymiarowe sygnaty
analityczne. W trakcie pomiaru probka jest wzbudzana promieniowaniem
elektromagnetycznym o réznej dlugosci fali z zakresu UV-Vis. Dla pojedynczej fali
wzbudzajacej rejestrowane jest widmo emisyjne w wybranym zakresie spektralnym
z przedzialu UV-Vis. Dzigki takiemu sposobowi rejestracji sygnatu analitycznego uzyskuje
si¢ informacje zaréwno o wlasciwosciach absorpcyjnych jak i emisyjnych komponentéw
zawartych w badanej probce. Na rysunku2 przedstawiono wybrane przyklady
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fluorescencyjnych obrazéw zarejestrowanych dla uktadéw chemicznych zawierajgcych
aminokwasy. Dwuwymiarowe widmo mieszaniny trzech aminokwasdw umozliwia rejestracje
sygnatow wszystkich sktadnikow probki podczas jednego pomiaru. Stanowi to wazng zalete
fluorescencyjnych obrazéw, ze wzgledu na pominiecie etapu zmiany ustawien przyrzadu
pomiarowego lub potozenia prébki wzgledem ukiadu optycznego instrumentu,
dokonywanego przez analityka, a tym samym polepszenie jakoSci sygnatow dzieki
jednoczesnej rejestracji widm emisyjnych. Konsekwencjg takiego sposobu rejestracji
fluorescencyjnych obrazéw jest réwniez ich wiekszy zaséb informacji w poréwnaniu
z widmami fluorescencyjnymi rejestrowanymi dla pojedynczej fali wzbudzajace;j.

Rysunek 2 Fluorescencyjne obrazy aminokwasow: fenyloalaniny, tyrozyny i tryptofanu oraz ich
rownomolowej mieszaniny, zarejestrowane dla tego samego zakresu fal ~wzbudzenia
(240 nm - 300 nm, A = 1 nm) i emisji (250 nm - 450 nm, A = 1 nm) z zastosowaniem ukiadu
pomiarowego o kacie prostym pomiedzy zrédkem wzbudzenia i detektorem [2],

Kolejne zalety fluorescencyjnych obrazéw wynikajg z charakterystyki techniki analitycznej
jaka jest spektroskopia fluorescencyjna. Umozliwia ona prowadzenie pomiaréw uzyskujac
wysoka czuto$¢ bez niszczenia badanego materiatu, co przektada sie na ich wysoka
uzyteczno$é. Do przyktadowych zastosowan fluorescencyjnych obrazéw mozemy zaliczy¢
iloSciowe oznaczenie zawarto$¢ tokoferoli w olejach [3], ustalenie pochodzenia
geograficznego mleka [4], czy badania mieszanin oleju napedowego i nafty [5].
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2.2.2. Widma rejestrowane w zakresie podczerwieni

Widma absorpcyjne rejestrowane dla promieniowania elektromagnetycznego z zakresu
podczerwieni 14000 — 10 cm™ (okoto 740 — 30000 nm) zawieraja piki reprezentujace
charakterystyczne ugrupowania atomow analizowanych substancji. Atomy wegla potaczone
wigzaniami pojedynczymi z atomami wodoru w zaleznosci od otoczenia chemicznego
wykazujg zdolnos¢ do absorpcji promieniowania o réznej energii. Podobnie ugrupowania
zawierajgce azot czy grupy hydroksylowe, moga by¢ zidentyfikowane na podstawie widm
rejestrowanych w omawianym zakresie promieniowania elektromagnetycznego.
W kontekscie analizy probek ztozonych, zawierajacych rézne zwigzki organiczne, sygnaty IR
maja jednak charakter nieselektywny, ktorego przyczyng jest wystgpowanie tych samych
ugrupowan w roznych zwigzkach chemicznych zawartych w analizowanym materiale. Brak
mozliwosci identyfikacji jakosciowej czy ilosciowej poszczegdlnych zwigzkéw chemicznych
nie utrudnia oceny wilasciwosci probki o charakterze globalnym. Dodatkowo, rejestracja
widma jest szybka i nie powoduje zniszczenia badanego materiatu, co przektada si¢ na duza
popularnos¢ zastosowan spektroskopii w zakresie podczerwieni.

Widma w zakresie sredniej podczerwieni wykorzystatam do oceny catkowitej zdolnosci
antyoksydacyjnej oraz zawartosci zwiazkoéw fenolowych w pastach pomidorowych. Badania
opisatam w publikacji V. Na rysunku 3 zaprezentowane jest przykladowe widmo jednej
z badanych past pomidorowych, ktéra zostata wyprodukowana w Polsce.

Intensywnosc
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Rysunek 3 Widmo IR zarejestrowane dla pasty pomidorowej w zakresie 500 — 4000 cm™ (A =4 cm™)
przy uzyciu spektrometru Nicolet iS50 wyposazonego w przystawke ATR (ang. attenuated total
reflectance) — spektroskopia ostabionego catkowitego odbicia z jednoodbiciowym krysztatem
diamentowym. Widmo zarejestrowano dla probki bezposrednio po wyjeciu z opakowania, w ktérym
zostata zakupiona (bez przygotowania prébki do analizy).
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Wiekszo§¢ z sygnalow rejestrowanych przez aktualnie wykorzystywane techniki
spektroskopowe to sygnaly nieselektywne. Jest to efekt m.in. ograniczania pracy
laboratoryjnej, a co za tym idzie, wstgpnego przygotowania probki przed analiza do
niezbednego minimum. Nie mniej jednak, nieselektywne widma rejestrowane przy uzyciu
spektroskopii fluorescencyjnej, podczerwieni (w jej zakresie bliskim lub wlasciwym) czy
spektometrii mas, widma NMR oraz chromatogramy, sg chemicznymi odciskami palca
probek, dzigki czemu czgsto znajdujg zastosowanie w szeroko pojetej kontroli jakosci.
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3. Przygotowanie nieselektywnych sygnaléw do analizy

Wszystkie sygnaty analityczne, oprocz informacji o sktadnikach badanej probki, zawieraja
nieistotne chemiczne elementy — szum i linia bazowa — wynikajace z niedoskonatosci
uzywanych przyrzadow pomiarowych czy samej metody pomiarowej. Dodatkowo, kazda
technika pomiarowa moze by¢ obarczona charakterystycznymi dla niej komponentami
sygnatu, ktore nie s3 chemicznie istotne i moga negatywnie wplywaé na interpretacje
chemicznej informacji. Dlatego waznym etapem warunkujagcym wilasciwe wykorzystanie
sygnaldw instrumentalnych jest ich wstepne przygotowanie do dalszej analizy.

Kazdy sygnat instrumentalny sklada si¢ z trzech komponentéw: szumu, linii bazowej

i czystego sygnalu analitycznego, czyli informacji o chemicznych skfadnikach prébki [6]
(rysunek 4).

czysty sygnat
analityczny
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Rysunek 4 Elementy skltadowe sygnalu instrumentalnego tj. szum, linia bazowa i czysty sygnat
analityczny na przykladzie chromatogramu dwusktadnikowej mieszaniny.

Szum i linia bazowa mogg istotnie znieksztatca¢ piki poszczegolnych sktadnikéw probki.
Wowczas jakosciowa i ilosciowa analiza jest znacznie utrudniona, a czasem wrg¢cz
niemozliwa do przeprowadzenia. Czgsto usunigcie linii bazowe) oraz szumu przed dalsza
analiza jest konieczne.

Zrodtem szumu, komponentu sygnatu o najwyzszej czestotliwosci, jest ograniczona czutos$é
uzywanego detektora oraz rozne zjawiska i oddzialywania zachodzace w trakcie
dokonywanego pomiaru. Definiuje si¢ go jako odchylenie standardowe sygnatu
rejestrowanego przez przyrzad pomiarowy [7].

Poziom szumu w wyjsciowym sygnale okresla parametr nazywany stosunkiem sygnatu do
szumu (ang. signal to noise ratio, S/N) wyrazany jako stosunek wartosci $redniej
z sygnatu do jego odchylenia standardowego. Wyrdznia si¢ kilka rodzajow szumu. Szum
biaty, proporcjonalny do sygnatu czy skorelowany. Niezaleznie od rodzaju szumu nalezy
zawsze sprawdzi¢ wartos¢ parametru S/N, aby oceni¢ koniecznosé jego usunigcia
z wyjsciowego sygnatu. Jest to niezbgdne, poniewaz szum moze zafalszowaé prawdziwe
wyniki analizy, pomimo iz jest komponentem niezaleznym od chemicznego sktadu badanych
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probek. Szum mozna eliminowac stosujac, np. filtr skonstruowany z uzyciem mediany, lub
sredniej wazonej albo kompresujac dane uzywajac analizy czynnikéw glownych
(ang. principal component analysis, PCA) [8], lub transformacji Fouriera czy falkowe;j [9].

Sktadnikiem sygnatéw, ktory charakteryzuje si¢ najmniejsza czgstotliwoscia, jest linia
bazowa. Jest to odpowiedz detektora obserwowana podczas nieobecnosci analitow
w probee. Linia bazowa moze ulega¢ zmianom w czasie, dlatego jej ksztalt bywa rézny dla
sygnatéw rejestrowanych przy uzyciu tego samego detektora. Przed dokonaniem analizy
chemometrycznej linia bazowa powinna by¢ zidentyfikowana i usunieta z sygnatu, jezeli
moze negatywnie wplynaé na interpretacj¢ informacji zawartych w sygnatach. Korekcje linii
bazowej najczgsciej przeprowadza si¢ wykorzystujac nieliniowe filtry lub metode
asymetrycznych najmniejszych kwadratéw z funkcja kary (ang. penalized asymmetric least
squares, P-ALS) [10].

Usunigcie linii bazowej bylo niezbedne podczas analizy sygnatéw chromatograficznych
opisanej w publikacji VI. Wykorzystano metode¢ P-ALS (pierwsza pochodna sygnalu zostata
uzyta do oceny jego gladkosci, wartos¢ parametru kary — A (ang. penalty parameter)
wynosita 10000). W publikacji V lini¢ bazowa sygnatéw IR korygowano dla kazdego
sygnatlu oddzielnie — przed dokonaniem pomiaru widma probki za kazdym razem

rejestrowano widmo tla. Sygnaty fluorescencyjne uzyte w publikacjach I — V nie wymagaty
korekcji linii bazowe;j.

Najwazniejszy z punktu widzenia analizy chemicznej komponent sygnalu instrumentalnego
to informacja o sktadnikach probki — czysty sygnat analityczny. W zaleznosci od ztozonosci
skfadu chemicznego badanej probki w czystym sygnale pik/piki reprezentujgce poszczegdlne
sktadniki moga by¢ wyraznie rozdzielone lub moga naklada¢ si¢ na siebie
w réznym stopniu, co utrudnia identyfikacj¢ poszczegdlnych komponentdéw oraz interpretacje
zarejestrowanej informacji.

Naktadanie si¢ pikow to efekt np. zblizonych wiasciwosci spektralnych lub powinowactwa
do fazy chromatograficznej rozdzielanych substancji chemicznych tworzgcych mieszaning.
Efekt ten mozna wyeliminowaé¢ dokonujac dekonwolucji sygnatu. Jest to operacja
matematyczna przy pomocy ktoérej sygnal przedstawiany jest jako suma wkladéw jego
sktadnikow. Operacja dekonwolucji moze zostaé przeprowadzona poprzez estymacj¢ funkcji
matematycznych opisujacych piki (np. funkcji Gaussa), obliczenie pierwszej pochodnej lub
pochodnej wyzszego rzedu analizowanego sygnatlu. Mozna réwniez uzy¢ bardziej
zaawansowanych metod chemometrycznych, jak np. wieloparametrowa dekonwolucja
z wykorzystaniem iteracyjne] metody najmniejszych kwadratow (ang. multivariate curve
resolution alternating least squares, MCR-ALS) [11], wspélbiezna analiza czynnikowa
(ang. parallel factor analysis, PARAFAC) [12] lub transformacja sygnalu do domeny
czestotliwosci [6], ktére umozliwiajg estymacj¢ widm czystych skladnikéw mieszaniny.
Dodatkowga zaleta transformacji sygnatu dokonanej metodami Fouriera czy falkowg [9] jest
mozliwo$¢ estymacji i usuni¢gcia wczesniej omawianych komponentéw o najwyzszej
i najnizszej cze¢stotliwosci — szumu i linii bazowe;.
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Omowione powyzej komponenty sg typowe dla kazdego sygnatu instrumentalnego. Analiza
poréwnawcza, modelowanie i koncowa interpretacja informacji zawartej w sygnatach, moze
by¢ rowniez zaburzona przez dodatkowe efekty wystepujace w sygnatach, ktére sa
charakterystyczne dla wybranej metody pomiarowej. Dlatego, przygotowanie danych do
analizy powinno obejmowa¢ réwniez ocen¢ wpltywu i ewentualne usunig¢cie ze zbioru
analizowanych sygnatow efektow specyficznych.

Badania oméwione w niniejszej pracy dotycza modelowania i analizy nieselektywnych
sygnatow instrumentalnych takich jak fluorescencyjne obrazy, widma rejestrowane
w zakresie podczerwieni oraz chromatogramy. Z tego wzgledu, w dalszej czesci
scharakteryzuj¢ efekty specyficzne dla tych sygnatéw.

3.1. Fluorescencyjne obrazy

Wiazka promieniowania elektromagnetycznego wzbudzajaca probke w trakcie rejestracji
sygnatow fluorescencyjnych na skutek kontaktu z probka ulega réznym zjawiskom
fizycznym. Moze zosta¢ zaabsorbowana przez komponenty probki (nastgpstwem tego
zjawiska jest czgsto emisja promieniowania fluorescencyjnego, ktore rozchodzi si¢ w kazdym
kierunku przestrzeni), przejs¢ przez probke bez zmiany energii albo ulec rozproszeniu na
czasteczkach w niej zawartych.

W przypadku promieniowania przechodzacego przez préobke, stosowana geometria ukladu
pomiarowego (zrédlo promieniowania i detektor sg ustawione wzgledem siebie zazwyczaj
pod katem prostym) zapobiega jego rejestracji podczas pomiaru. Niestety, promieniowanie
rozproszone w kazdym kierunku przestrzeni dociera do detektora podobnie jak
promieniowanie emisyjne. Jezeli zjawisko rozproszenia ma charakter sprezysty na widmie
obserwuje si¢ piki rozproszenia Rayleigha. W przypadku rozproszenia niesprezystego sg to
piki rozproszenia Ramana. Bez wzgledu na charakter zjawiska rozproszenia,
na fluorescencyjnych obrazach specyficzne efekty reprezentuja diagonalne linie pikow [13]
(rysunek 5). Sa one nieistotne z chemicznego punktu widzenia, mogg interferowaé
z sygnatami pochodzacymi od fluoroforéw zawartych w probce lub zaburza¢ konstrukcje
modeli chemometrycznych. Z tych powodéw, przed modelowaniem i interpretacja sygnatow
powinny one zosta¢ usunigte.
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Rozproszenie Ramana
Rozproszenie Rayleigha

Emisja [nm]

Rysunek 5 Linie rozproszenia promieniowania elektromagnetycznego sprezystego (Rayleigha)
i niesprezystego (Ramana), obserwowane na fluorescencyjnym obrazie zarejestrowanym dla probki
wody destylowanej w zakresie emisyjnym od 260 nm do 650 nm, A= 2 nm, dla fal wzbudzenia
w zakresie od 250 nm do 440 nm, A= 10 nm.

W literaturze opisano rozne sposoby eliminacji pikdw rozproszenia. Najprostszym z nich jest
zastgpienie pikow rozproszenia przez zera lub brakujace elementy [14,15]. Niemniej jednak
takie podejscie moze powodowac utrate istotnej informacji chemicznej, zwiaszcza gdy piki
rozproszenia interferujg z pikami pochodzacymi od roznych komponentéw probki.
Dodatkowo, wprowadzenie do widma brakujacych elementéw znacznie ogranicza wachlarz
metod uzytecznych do modelowania tak przygotowanych danych. Aby tego uniknac,
po usunieciu wybranych fragmentéw widma nalezy dokona¢ interpolacji naruszonego
sygnatu np. wykorzystujac triangulacje Delaunaya [16]. W tej metodzie wybrany obszar jest
interpolowany poprzez konstrukcje sieci nieregularnych trojkatéw, budowang na bazie
pozostatych w sygnale punktéw pomiarowych. Sie¢ budowana jest tak, aby punkty
z nienaruszonej czesci sygnatu nie zostaty do niej wiaczone, a wylgcznie stanowity jej punkty
brzegowe. Rysunek 6 przedstawia przyktadowy fluorescencyjny obraz préobki piwa
zawierajacy piki rozproszenia Rayleigha i ich eliminacje z wykorzystaniem réznych metod.
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Rysunek 6 Fluorescencyjny obraz prébki piwa, zarejestrowany w zakresie emisyjnym
od 320 nm do 700 nm, A= 2 nm, dla fal wzbudzenia w zakresie od 300 nm do 600 nm, A= 10 nm
a) przed i po usunieciu pikéw rozproszenia promieniowania elektromagnetycznego réznymi
metodami: b) wstawiajac brakujace elementy, c¢) wstawiajac zera oraz d) stosujgc triangulacje
Delaunaya.

Czesto piki rozproszenia charakteryzuja sie wysokg intensywnoscia w poréwnaniu
z intensywnoscig pikow charakteryzujacych fluorofory zawarte w badanej prébce. Usuniecie
fragmentu widma repezentujgcego zjawisko rozproszenia sprawia, iz informacje
0 fluoroforach zawarte w widmie staja sie wyrazniejsze i tatwiejsze do interpretacji.

Korekcja sygnatow fluorescencyjnych ze wzgledu na piki rozproszenia Rayleigha
i/lub Ramana byla niezbedna podczas interpretacji chemicznej informacji zawartej
w sygnatach wykorzystanych do weryfikacji hipotez badawczych postawionych w pieciu
publikacjach z cyklu prezentowanego w niniejszej pracy.

W publikacji 1, poruszajacej zagadnienia oceny jakosci cukru ze wzgledu na zabarwienie
1zwarto$¢ popiotu, w miejsce wystepowania pikdw rozproszenia Rayleigha wstawitam zera,
co umozliwito efektywng kalibracje widm.

W publikacjach Il i IHl, w ktérych oceniatam jako$¢ oleju napedowego ze wzgledu na
ilosciowg zawarto$ci komponentéw akcyzowych (publikacja 11) oraz identyfikowatam
nielegalny proceder jego odbarwiania (publikacja I11l), zastosowatam metode korekcji
sygnatdw zaproponowang przez Zeppa i wspOtpracownikow [16]. Przedstawiony
w publikacji algorytm (zapisany w Srodowisku programowania Matlab) do korekgcji
pojedynczego dwuwymiarowego sygnatu dostosowatam do pracy z sygnatami zestawionymi
w trojwymiarowy tensor. Nastepnie wybratam parametry szerokosci i lokalizacji pikow
rozproszenia tak, aby zapewnialy one optymalny sposob korekcji sygnatéw, tzn.
jak najmniejsze naruszenie pikéw fluoroforéw zawartych w widmach. Efektywnos$¢ dziatania
tego algorytmu (optymalna interpolacja naruszonego sygnatu oraz szybko$¢ matematycznych
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operacji dokonywanych na wielowymiarowych danych) sprawita, ze wykorzystatam go takze
w publikacjach IV i V. Sprawdzit si¢ zardwno dla sygnatow zarejestrowanych dla wodnych
ekstraktow kawy i migty pieprzowe;j, jak i fluorescencyjnych obrazow past pomidorowych.

Kolejnym obserwowanym efektem istotnym podczas pracy z sygnatami fluorescencyjnymi
jest zjawisko wygaszania promieniowania emisyjnego (ang. quenching). Jest to ostabienie
intensywnosci sygnatu fluorescencyjnego na skutek oddziatywan zachodzacych w prébce,
zwlaszcza jezeli charakteryzuje si¢ ona wysokimi stezeniami analitéw i/lub ztozonym
sktadem chemicznym. Powodem wygaszania moze by¢ interakcja promieniowania
emisyjnego z fluoroforami obecnymi w prébee (jego absorpcja) lub tworzenie komplekséw
fluoroforéw ze skladnikami matrycy, ktére sa niezdolne do fluorescencji. Jest to zjawisko
szczegblnie niekorzystne w przypadku dokonywania analizy ilosciowej sktadu probki.
Eliminuje si¢ je stosujac odpowiednie rozcienczenie probki lub wstepny rozdziat analitéw od
matrycy [13].

Optymalizacja rozcienczenia probek byla niezbgdna podczas badan wodnych ekstraktow
produktow spozywczych (kawa, migta pieprzowa, pasta pomidorowa) przedstawionych
w publikacjach IV i V, jak rowniez podczas badan ekstraktéw probek bazylii i oregano oraz
wybranych suplementoéw diety.

3.2. Widma rejestrowane w zakresie podczerwieni

Sygnaly spektroskopowe rejestrowane w zakresie podczerwieni sa czule na obecnosé
w otoczeniu przyrzadu pomiarowego takich skiadnikow jak para wodna czy dwutlenek
wegla. Jezeli pomiar prowadzony jest w pomieszczeniu gdzie nie ma zapewnionych statych
poziomdw st¢zen tych substancji lub oboj¢tnej atmosfery dla przyrzadu pomiarowego nalezy
sygnaly przed analiza chemometryczna skorygowa¢ w odpowiednich obszarach. Korekcji
takiej mozna dokonac réwniez w trakcie pomiaru, rejestrujac sygnat tta kazdorazowo przed
pomiarem probki. Szybkos¢ rejestracji widm IR oraz ich niedestrukcyjny charakter
umozliwia uzyskanie satysfakcjonujacej wartos¢ stosunku sygnalu do szumu juz
w wyjsciowych sygnalach. Osiaga si¢ to poprzez wielokrotng rejestracje widma dla
pojedynczej probki (np. 32 lub 64 powtdrzenia) w wybranym zakresie spektralnym,
a koncowy sygnat jest srednig arytmetyczng ze wszystkich dokonanych pomiaréw. Czesto
etapem przygotowania sygnalow IR do analizy jest takze wybor zakresu spektralnego
charakterystycznego dla modelowanej wiasciwosci. Taka redukcja wymiarowosci danych
niejednokrotnie prowadzi do obnizenia kompleksowosci modelu chemometrycznego oraz
poprawienia jego wlasciwosci dopasowania do danych i przewidywania.

W publikacji V poréwnatam efektywnos¢ modelowania fluorescencyjnych sygnatow i widm
podczerwieni w kontekécie oceny calkowitej zdolnosci antyoksydacyjnej past
pomidorowych. Aby uzyskaé sygnal rejestrowany w obszarze podczerwieni (zakres
4000 do 400 cm™) o najlepszej wartosé parametru S/N, dla kazdej prébki wykonano
64 powtdrzenia. Przed pomiarem widma kazdej probki rejestrowane byto tto w celu korekcji
linii bazowej sygnalu. Sprawdzilam efektywnos¢ modelowania catkowitej zawartosci
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antyoksydantow w oparciu o cate sygnaly IR oraz o wybrany (sugerowany w literaturze [17])
zakres widma tj. od 2000 do 900 cm’'. Potwierdzitam dokonane przez
Lu i wspotpracownikéw obserwacje wigkszej efektywnosci wieloparametrowych modeli
kalibracyjnych zbudowanych w oparciu o sygnaly IR w zawgzonym zakresie spektralnym.

3.3. Chromatogramy

Chromatogramy zarejestrowane dla tej samej probki (lub zbioru prébek) moga roznié si¢
liczbg punktéw pomiarowych (mie¢ roézng dlugos¢). Wéowczas zestawienie ich w jedna
macierz (operacja jest konieczna do przeprowadzenia jakiejkolwiek analizy
chemometrycznej) jest niemozliwe. Dlatego nalezy wszystkie chromatogramy ujednolici¢
tak, aby mialy t¢ samg liczb¢ punktéw pomiarowych.

Innym efektem charakterystycznym dla chromatograméw jest przesunigcie pikéw
reprezentujacych t¢ sama substancj¢. Przyczyna takiego zjawiska jest starzenie zloza
kolumny chromatograficznej lub zmiennos¢ warunkéw rozdziatu (np. wahania sktadu fazy
ruchomej). By dokona¢ analizy poréwnawczej nalezy nalozy¢ na siebie chromatogramy,
czyli ustali¢ pozycje odpowiadajacych sobie pikéw na osi czasu elucji. Jedna z metod
chemometrycznych uzywanych w tym celu jest metoda zoptymalizowanego naktadania

sygnatéw maksymalizujaca ich wzajemna korelacj¢ (ang. correlation optimized warping,
COW) [18].

Metoda COW zostata zastosowana do natozenia 228 chromatograméw zarejestrowanych dla
probek naparéw herbaty typu rooibos. Szczegdty przygotowania tych sygnatéw do analizy
przedstawione sa w publikacji VI.

3.4. Zestawienie sygnaléw analitycznych

Aby dokonaé¢ analizy chemometrycznej nalezy zestawi¢ ze sobg wszystkie sygnaty
reprezentujace analizowane probki. To w jaki sposéb powinny zostac zestawione sygnaly jest
uzaleznione od postaci w jakiej sygnat jest reprezentowany (wplywajacej na rzgdowosé
danych, rysunek 7) oraz od metody jaka ma zosta¢ uzyta do ich analizy.
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Typ
danych Skalar Wektor Macierz

% 03..11,2 .. 17,0 .. 10,1...0,5
Postac 2015 [05 .. 98,0 .. 2015 .. 59,9 ... 0,3] 0,5 ..98,0..201,5 ..39,9 .. 03
numeryczna

0,1...157 .. 38,0 ..251... 11

Postac
graficzna
Rzad Zerowy Pierwszy Drugi

Rysunek 7 Rzedowos¢ danych przedstawiona na przykfadzie danych fluorescencyjnych.

Jezeli sygnaly instrumentalne majg posta¢ wektora (np. widma NIR, UV-Vis,
chromatogramy) to organizuje sie je w macierz, ktorej kolejne wiersze zawierajg sygnaty
zarejestrowane dla poszczegdlnych probek (rysunek 8). Przygotowana w ten sposéb macierz
sygnatdbw nadaje sie do analizy przeprowadzanej z zastosowaniem Kklasycznych metod
chemometrycznych, jak np. analiza czynnikow gtéwnych [8] czy regresja czeSciowych
najmniejszych kwadratéw (ang.partial least squares, PLS) [19].

A
X
Xj
X
X5
%
Sygnaly opisujace probki Wektory reprezentujgce Sygnaty zestwione
poszczeg6lne sygnaty W macierz

Rysunek 8 Schemat zestawiania przyktadowych sygnatdw instrumentalnych w macierz danych.

W przypadku sygnatéw o dwuwymiarowym charakterze, np. fluorescencyjne obrazy, mozna
je organizowa¢ w rézny sposob. Sygnaty mozna rozwingé, tak aby utworzyty sygnaty
jednowymiarowe jak przedstawia rysunek 9 i zestawi¢ do postaci macierzy uzytecznej do
modelowania klasycznymi metodami chemometrycznymi.
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Wzbudzenie [nm] Wzl Wz2 Wz3 Wz4 Wz5 Wz6 Wz7 Wzl Wz2 Wz3 Wz4 Wz5 Wz6 Wz7
wazl Wz2
Wzl Wz2 Wz3
Wzl Wz2 Wz3 Wz4
Wzl Wz 2 Wz3 Wz4 Wz5 Wz6 Wz7

Wektor reprezentujacy jedna prébke

Rysunek 9 Proces rozwijania fluorescencyjnego obrazu; Wz oznacza kolejne sygnaly emisyjne
zarejestrowane dla réznych dtugo$¢ fali wzbudzajace;.

Sygnaty mozna réwniez pozostawi¢ w formie dwuwymiarowej i zestawi¢ w tréjwymiarowa
strukture (tensor), ktorej kolejne wymiary odpowiadajg dtugosciom fal wzbudzenia, emisji
oraz probkom (rysunek 10). Zestawione w ten spos6b sygnalty mozna modelowac
wykorzystujgc metody dedykowane dla danych N-modalnych, np. metode wspoétbieznej
analizy czynnikowej, PARAFAC [12] lub N-modalng regresje czesciowych najmniejszych
kwadratéw (ang. N-way partial least squares, N-PLS) [20].

Rysunek 10 Konstrukcja tréjwymiarowej struktury danych - tensora zawierajgcego widma
fluorescencyjne.

W publikacjach | - V, w ktérych jako dane wykorzystatam fluorescencyjne obrazy, dane
zestawialam w macierze zawierajgce rozwiniete sygnaty, zarejestrowane dla badanych
probek oraz w tréjwymiarowe tensory. W kazdej z publikacji poréwnatam efektywnos¢
modelowania sygnatéw rozwinigtych w wektory i w postaci macierzy. Widma rejestrowane
w zakresie podczerwieni i chromatogramy zestawione w macierze byly przedmiotem badan
opisanych w publikacjach V i VI.
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4. Modelowanie sygnalow nieselektywnych

Kazdy sygnal instrumentalny powstaje poprzez rejestracje odpowiedzi detektora dla
wybranej liczby punktow pomiarowych, zdefiniowanej przez przyjety krok pomiarowy.
Taki sposob prowadzenia pomiaru powoduje, ze w wigkszosci przypadkéw pik pojedynczego
analitu opisuje kilka punktow pomiarowych. W zwiazku z tym, sygnaly instrumentalne
zawieraja wiele skorelowanych zmiennych, ktére uniemozliwiaja uzycie ich do modelowania
np. metody regresji wielorakiej (ang. multiple linear regression, MLR) [19], ze wzgledu na
jej matematyczne ograniczenia. Wowczas wykorzystuje si¢ zmienne niezalezne wybrane
z calego sygnatu lub skonstruowane na jego podstawie, ktore w zaleznosci od tego jakie
informacje chcemy z sygnatu nieselektywnego uzyskaé, wykorzystywane sg do celow
eksploracji, klasyfikacji/dyskryminacji czy kalibracji [6].

Metody uzywane do uzyskania z sygnatéw istotnej chemicznie informacji mozna podzielié
na dwie grupy. W zaleznosci od tego czy uzywamy wylacznie sygnalow instrumentalnych
czy tez rownoczesnie uwzgledniamy dodatkowe informacje o modelowanym ukladzie,
np. pochodzenie, stgzenie wybranej/wybranych substancji czy przynalezno$¢ do
zdefiniowanych klas (np. stopien palenia kawy, wysokos¢ podatku akcyzowego natozonego
na olej napgdowy, pochodzenie geograficzne probki) méwimy odpowiednio o metodach
modelowania danych bez nadzoru i metodach modelowania danych z nadzorem.

4.1. Metody modelowania danych bez nadzoru

Te grupe metod wykorzystuje si¢ do eksploracji struktury danych. Jest to najczesciej
pierwszy etap interpretacji informacji w nich zawartej. Celem eksploracji jest wizualizacja
struktury danych. Umozliwia to oceng¢ podobienstw probek i kompleksowosci badanego
ukladu (zjawiska), jak rdwniez ocen¢ tego, czy w eksplorowanych danych znajdujg si¢
obiekty odlegle — oddalone od wigkszosci danych (ang. outlying objects).
Analiza eksploracyjna determinuje wybor metod modelowania z nadzorem i dalszg
interpretacje uzyskanych wynikow. Podczas pracy z sygnatami nieselektywnymi, ktore sg
wieloparametrowe i zawieraja zmienne skorelowane, do wizualizacji informacji w nich
zawartych, niezb¢dna jest redukcja ich kompleksowosci. Narzedziami eksploracyjnym
wykorzystywanymi najczesciej do tego celu sa migdzy innymi metody projeke;ji, tj. analiza
czynnikow gtéwnych, PCA [8] czy wspodtbiezna analiza czynnikowa, PARAFAC [12],
dedykowana analizie danych N-modalnych.

4.1.1. Analiza czynnikéw gléwnych

Analiza czynnikéw gtéwnych to metoda umozliwiajaca modelowanie i wizualizacj¢ struktury
danych wieloparametrowych, zawierajacych zmienne skorelowane. Wizualizacja danych jest
mozliwa dzigki konstrukcji nowych zmiennych bedacych liniowa kombinacja oryginalnych
zmiennych, nazywanych czynnikami gléwnymi (ang. principal components, PC). Czynniki
gléowne konstruuje sie tak, aby maksymalizowaly opis wariancji (zmiennosci) danych.
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Algorytm konstrukcji nowych zmiennych zaklada, ze kazdy nowy czynnik gltéwny opisuje
czes¢ wariancji, ktoéra nie zostala opisana przez wczesniej skonstruowane czynniki.
W zwigzku z tym, czynniki gtéwne sa wzajemnie ortogonalne co przedstawia rysunek 11.

ot PC1 LE] PC1

zmienna nr 2
s °

S~ o ~

[

\ ,
zmienna nr 2
& °
MRS

.
-1 05 0 08 1 -1 05 [ 05 1
zmienna nr 1 zmienna nr 1

Rysunek 11 Konstrukcja dwoch pierwszych czynnikéw gtéwnych (PC1 oraz PC2)
w dwuwymiarowej przestrzeni opisanej przez zmienna nr 1 i zmienna nr 2.

Kazdy czynnik gléwny mozna przedstawi¢ jako iloczyn dwdoch wektoréw zawierajacych
odpowiednio wspoéirzedne obiektéw i parametréow na nowej zmiennej. Liczba czynnikéw
glownych, opisujaca satysfakcjonujgcy poziom wariancji danych, f, nazywana jest
kompleksowosécig modelu. Dia danych o m obiektach (prébkach) i » parametrach (punktach
pomiarowych), Xm., rownanie opisujace dekompozycj¢ oryginalnych zmiennych ma
nast¢pujaca postac:

Xmn) = Tim 1P + Epmn 1)

gdzie, Timpy i Pyn to macierze wynikow i wag zawierajace odpowiednio wspéirzedne
obiektow i parametrow na nowych zmiennych (czynnikach gléwnych), natomiast E,,) to
macierz zawierajaca ta cz¢s¢ wariancji, ktéra nie zostala opisana przez model PCA
o f czynnikach, tzw. reszty od modelu.

Rysunek 12 przedstawia graficzna postaé operacji dekompozycji danych wykorzystujac
model PCA opisany réwnaniem (1).
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Rysunek 12 Dekompozycja macierzy danych X do macierzy wynikow T, wag P oraz
reszt E wykorzystujac model PCA o/ czynnikach gtéwnych.

Dokonujac projekcji obiektdbw na czynniki gtéwne ocenia si¢ to, czy dane wykazujg
tendencje do grupowania. Wzbogacajgc projekcje o dodatkowe informacje mozna
zaobserwowaé, czy wystepujg w nich trendy, np. zalezne od czasu lub pochodzenia
geograficznego prébek (rysunek 13). Interpretacja informacji zawartej w wagach utatwia
ocene tego, ktore parametry wykazuja najwiekszy wktad do konstrukcji wybranego czynnika
gtdwnego, a tym samym odpowiadajg za wystepowanie zaobserwowanego trendu w danych.

We wszystkich problemach badawczych, ktoére podejmuje w ramach niniejszej pracy
doktorskiej, wykorzystuje dane wielowymiarowe. Metoda analizy czynnikéw gtownych jest
jednym z podstawowych narzedzi chemometrycznych uzytych przeze mnie do eksploracji
struktury kazdego zestawu sygnatéw nieselektywnych analizowanych w publikacjach
I - VI. Jednym z przyktadéw praktycznego wykorzystania metody PCA jest wizualizacja
struktury danych opisanych w publikacji VI (rysunek 13).

Rysunek 13 Projekcja prébek herbaty typu rooibos na trzeci i czwarty czynnik gtéwny (PC 3 i PC 4)
a) bez zaznaczenia informacji o roku produkcji prébek, b) z uwzglednieniem informacji o roku
produkgji prébek.



4. Modelowanie sygnatow nieselektywnych

Projekcja obiektow na ptaszczyzne zdefiniowang przez trzeci i czwarty czynnik gtdwny
umozliwita zaobserwowanie tendencji réznicowania sie probek ze wzgledu na rok produkcji.
Probki z lat 2010 i 2011 miaty inng charakterystyke chemiczng niz probki wyprodukowane
w 2009 roku. Projekcja wag na te samg plaszczyzne umozliwia identyfikacje czterech
charakterystycznych polifenoli (orientyny, izoorientyny, hiperozydu i 3-Orobinobiozydu
kwercetyny) odpowiedzialnych za wystapienie obserwowanego w danych trendu.

4.1.2. Dekompozycja sygnatdw z uzyciem metody wspétbieznej analizy
czynnikowej

Metoda wspoétbieznej analizy czynnikowej, PARAFAC moze by¢ rozwazana jako
rozszerzenie metody PCA do dekompozycji danych o N-modalnej strukturze. Oryginalne
dane przedstawiane sg w postaci nowych zmiennych opisujacych obiekty i wagi parametrow.
Liczba zbioréw wag jest zalezna od wymiarowosci danych. W przypadku struktury danych
o0 trzech wymiarach konstruowane sg nowe zmienne (tzw. triady), ktére reprezentujg trzy
wymiary danych i przedstawiajg informacje o obiektach oraz wagi dla dwdch pozostatych
kierunkéw (rysunek 14). Matematycznie dekompozycja rozwinietego tensora danych jest
opisana rébwnaniem:

Almxno] - A [m,/](C[n,/]1® IB[0,/])T + E[mxno] (2)

gdzie, X[mx0] to rozwinieta do postaci macierzy o wymiarach m *no trojwymiarowa struktura
danych o oryginalnych wymiarach m*nxo, A[nj], B[,,/] i C[Q] to macierze zawierajgce/triad,
|84 reprezentuje iloczyn Khatri-Rao, natomiast E[n*,(] to macierz zawierajgca reszty od
modelu PARAFAC o/ triadach.

Rysunek 14 Graficzna posta¢ modelu PARAFAC. Xnp0] zawiera oryginalne zmienne zestawiane

w tréjwymiarowa strukture, AJm, 19%,] i C[g\ to macierze zawierajgce/triad, E[m,(] zawiera reszty od
modelu PARAFAC o/ triadach.
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Wazng réznicg pomi¢dzy metodami PARAFAC i PCA jest to, ze poszczegdlne triady nie
musza by¢ wzajemnie ortogonalne (jak w przypadku kolejnych czynnikéw gtéwnych). Tego
typu analiza eksploracyjna, zastosowana do fluorescencyjnych obrazéw, umozliwia
m.in. uzyskanie tzw. czystych profili spektralnych fluoroforéw zawartych w analizowanych
probkach. Jednak poprawna interpretacja wynikow wymaga gruntownej wiedzy na temat
skiadu chemicznego probki, co jest trudne zwlaszcza wtedy, gdy probki sa pochodzenia
naturalnego. Dlatego podobnie jak PCA, model PARAFAC jest najczgsciej wykorzystywany
do eksploracji struktury wielomodalnych danych.

4.2. Metody modelowania danych z nadzorem

Sa to metody, w ktorych sygnaly instrumentalne modeluje si¢ wykorzystujac dodatkowa
informacj¢ o probkach (oprocz zestawu wybranych parametréw lub sygnatow
instrumentalnych je opisujacych). W zaleznosci od charakteru dostgpnej informacji dzieli sig¢
je na metody kalibracyjne, gdzie dodatkowa informacja ma posta¢ zmiennej ciaglej
(np. nasycenie koloru, stezenie komponentéw) oraz metody klasyfikacyjne/dyskryminacyijne,
w ktérych zmienna opisujaca probki ma charakter dyskretny (klasy probek, np. pochodzenie
geograficzne, rok produkcji, warunki przechowywania). Wybér metody modelowania
z nadzorem zalezy od przyj¢tego celu badawczego.

4.2.1.Kalibracja wybranej wlasnosci

Konstrukcja modelu kalibracyjnego polega na ustaleniu zaleznosci pomigdzy informacja
o wlasciwosciach probki (fizycznych lub chemicznych), a zawartoscia badanego
sktadnika/sktadnikéw lub warto$ciami modelowanej wiasciwosci, na ktéra wptyw maja rézne
komponenty chemiczne probki i/lub zjawiska w niej zachodzace (np. catkowita zdolnosé
antyoksydacyjna). Z matematycznego punktu widzenia, konstruuje si¢ rownanie regresyjne,
w ktéorym informacje zawarte w zmiennej niezaleznej (objasniajacej), X, umozliwiaja
estymacj¢ wartosci zmiennej zaleznej (objasnianej), y. Jest to mozliwe dzieki wyznaczeniu
wspotczynnika(kow) regresji, b (b=[b, b)), czyli rozwiazywane jest klasyczne réwnanie:

y = bx + b, 3)

Chemometryczne metody kalibracyjne to np. regresja gtownych sktadowych (ang. principal
component regression, PCR) [21] czy regresja czgéciowych najmniejszych kwadratow,
PLS [21]. Znane s3 rowniez metody dedykowane modelowaniu danych zestawionych

w trojwymiarowa strukture, np. N-modalna regresja czgéciowych najmniejszych kwadratow,
N-PLS [20].
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4.2.1.1. Regresja czesciowych najmniejszych kwadratow

Regresja czgéciowych najmniejszych kwadratéw jest to jedna z najpopularniejszych metod
konstrukcji modeli kalibracyjnych, stosowana do danych wieloparametrowych zawierajacych
skorelowane zmienne. Model budowany z uzyciem algorytmu PLS oparty jest na
tzw. zmiennych ukrytych, czyli nowych zmiennych, skonstruowanych na podstawie
zmiennych oryginalnych. Nowe zmienne konstruowane sg tak, aby kazda nastgpna byla
ortogonalna do poprzednich (podobnie jak w metodzie PCA), dobrze opisywata wariancje
zawarta w X oraz w y, a takze uwzgledniata kowariancj¢ pomigdzy X a y. Model moze by¢
zbudowany dla zmiennej zaleznej w postaci wektora (wariant PLS-1) lub macierzy (wariant
PLS-2). W niniejszej pracy konstruowatam wylacznie modele PLS-1.

Model PLS-1 mozna wyrazi¢ nastgpujaco:

— T
Ximn) = Tim.f) Pyt Epmn) “4)

Yima] = Tm4ira] + Tima) = Ximn) By + fma %)

gdzie, Xmn) to macierz danych zawierajgca m obiektow i »n parametréw,
Tim,f) i Py n reprezentuja wagi modelu PLS, qfq; zawiera wspélczynniki regresji dla
modelu PLS skonstruowanego uzywajac f nowych zmiennych, Ejy, ) i Tpp1) to réznice
pomigdzy wyjéciowymi wartosciami X(m n) i Y[m,1)> @ tymi uzyskanymi z modelu, by, ) to
wektor wspofczynnikow regresji dla oryginalnej macierzy X, obliczany wedtug ponizszego
wzoru:

b1 = Win ) (Pifm Win 1) ™ ar,1) (6)

gdzie, W, 7| reprezentuje wagi maksymalizujgce kowariancj¢ pomigdzy Xm,n) @ Yim,1)-

Podobnie jak w przypadku modelu PCA, f okresla optymalng liczb¢ czynnikéw — nowych
zmiennych — niezbe¢dna do uzyskania modelu kalibracyjnego o satysfakcjonujacych
wlasciwosciach dopasowania do danych i przewidywania. Wlasciwosci te wyznacza sie dla
dwoéch niezaleznych podzbioréw danych oryginalnych, z ktérych jeden stuzy do konstrukc;ji
modelu (nazywany jest zbiorem modelowym), drugi natomiast do oceny jego wilasciwosci
przewidywania modelowanej wlasnosci (nazywany zbiorem testowym).

Obiektywnego wyboru probek (obiektow) wiaczonych do zbioréw modelowego i testowego
dokonuje si¢ uzywajac przeznaczonych do tego celu algorytméw. Jednymi
z najpopularniejszych sg algorytmy Kennarda i Stona [22] oraz Duplex [23]. W obydwu
algorytmach, podzialu prébek dokonuje si¢ w oparciu o wzajemna odleglos¢ prébek.
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Pierwszy z nich zapewnia wlaczenie do zbioru modelowego probek reprezentujacych calg
przestrzen eksperymentalng, dzigki czemu zbior ten reprezentuje wszystkie mozliwe zrodta
zmiennoSci. Do zbioru testowego wilaczane sa natomiast pozostate probki o mniej
zroznicowanej charakterystyce. W przypadku algorytmu Duplex zbiér modelowy i testowy
zawierajag probki o podobnej reprezentatywnosci, gdyz zbiory te konstruowane s3
réwnoczesnie (na podstawie obliczonych odleglosci probki wiaczane s naprzemiennie do
zbioru modelowego i testowego). Rysunek 15 przedstawia podziat zbioru probek opisanych
przez dwa parametry na zbiory modelowy i testowy z uzyciem dwoch omoéwionych
algorytmow.

: . [}
E +  zbiér modelo *  zbior model
° 3 8 = zbidr testowy g * _ zbidr testowy
7 . 4 7 . 7 v
~ LN S < . i ~ LI A ; ~ LA <% "
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Rysunek 15 a) rozproszenie probek na ptaszczyznie zdefiniowanej przez dwie zmienne, podziat
probek na zbiory modelowy i testowy z uzyciem algorytméw b) Kennarda i Stona oraz ¢) Duplex.

W kaidej publikacji cyklu zastosowalam algorytmy wyboru zbioréw modelowego
i testowego, dzigki czemu mogtam zweryfikowac¢ jakos¢ skonstruowanych modeli zar6wno
pod wzgledem dopasowania do danych ze zbioru modelowego jak i pod wzgl¢dem
whasciwosci przewidywania ocenionej na podstawie niezaleznych zbiordw (probek
testowych).

W przypadku, gdy w zbiorze danych znajduja si¢ replikaty prébek (laboratoryjne lub
techniczne) podczas podziatu danych na zbiory modelowy i testowy nalezy zwréci¢ uwagg na
to, aby wszystkie replikaty danej probki zostaty wiaczone do tego samego podzbioru. Jest to
wazne ze wzgledu na oceng jakosci modelu. Jezeli replikaty tej samej probki beda zaréwno
w zbiorze modelowym jak i testowym, wlasciwosci predykcyjne modelu moga zostac
w sposéb falszywy uznane za lepsze niz w rzeczywistosci.

Takie podejscie do konstrukcji zbioréw modelowego i testowego opisatam w publikacjach
IL IIL IV oraz V.

Dopasowanie modelu do danych i jego wlasciwosci predykcyjne wyrazone sg jako $rednie
bledy kwadratowe pomigdzy wartosciami zmiennej zaleznej obserwowanej jako wynik
eksperymentu, y, oraz przewidzianej na podstawie modelu, ¥, obliczane dla kazdego
z podzbioréw osobno, zgodnie z ponizszymi wzorami:

RMSE(H) = [2 5,0 - )2 @
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RMSEP(f) = [2 5,0~ )2 ®

gdzie, RMSE oznacza sredni biad kwadratowy (ang. root mean square error), RMSEP
to sredni btad kwadratowy przewidywania (ang. root mean square error of prediction),
k oraz t to liczba obiektow wlaczona odpowiednio do zbiordw modelowego i testowego,
a f okresla optymalng kompleksowos¢ modelu.

Optymalna kompleksowos¢ modelu jest wybierana na podstawie walidacji krzyzowe;j
(ang. cross-validation) [21]. Procedura polega na iteracyjnym podziale zbioru modelowego
na dwa niezalezne podzbiory. Pierwszy z nich uzywany jest do konstrukcji modelu, drugi za$
do walidacji jego wlasciwosci przewidywania. W zaleznosci od liczby obiektow wiaczonej
do podzbioru walidacyjnego, p, procedura nazywana jest walidacja krzyzowa typu wyrzuc
jeden obiekt (ang. leave-one-out) lub wyrzu¢ wigcej obiektow (ang. leave-more-ouf). Obiekty
moga by¢ wyrzucane kolejno lub w sposéb przypadkowy. Wowczas mowi sig o walidacji
krzyzowej typu Monte Carlo [24]. Pary podzbiorow budowane s3 do momentu,
az wykorzystane zostang wszystkie mozliwosci lub osiggnigty zostanie limit zatozony przez
uzytkownika procedury, c. Dla kazdej pary podzbioréw budowane sa modele ze wzrastajaca
liczba czynnikéw, £, uzytych do budowy modelu. Dla okreslonej liczby czynnikéw oblicza
si¢ sredni kwadratowy blad walidacji krzyzowej (ang. root mean square error of cross-
validation, RMSECV) zgodnie z nastepujagcym rownaniem:

RMSECV(f) = J% 2 i — W) %)

Ostateczny model kalibracyjny budowany jest z uzyciem tej liczby czynnikéw, dla ktorej
wartos¢ sredniego biedu walidacji krzyzowej osiggngta minimum, uznawanej za liczbe
optymalna.

Oceny optymalnej kompleksowosci modeli kalibracyjnych i dyskryminacyjnych,
przedstawionych w publikacjach I — VI, dokonatam uzywajac tej samej metody — walidacji
krzyzowej typu wyrzu¢ jeden obiekt.

Modele PLS mozna przedstawi¢ graficznie jako wykres wartosci zmiennej zaleznej
(v obserwowane), ktére wyznaczono eksperymentalnie i wartosci przewidzianych z uzyciem
skonstruowanego modelu (y przewidziane). Konstrukcja takiego wykresu dla dwdch
niezaleznych zbiorow modelowego i testowego ufatwia interpretacj¢ jakosci modelu, jak
rowniez ustalenie, dla ktorych probek model wykazuje gorsze whasciwosci przewidywania.
Na rysunku 16 przedstawione sg wykresy obrazujace wiasciwosci dopasowania do danych
i przewidywania trzech modeli regresyjnych. Na kazdym z wykreséw oprocz punktow
reprezentujacych poszczegélne probki (wlaczone do zbiorow modelowego i testowego)
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umieszczono lini¢ reprezentujacg idealna sytuacje, w ktorej wartosé obserwowana jest rowna
wartosci przewidzianej. Na podstawie rozproszenia probek wokot tej linii mozna dokonaé
wizualnej oceny parametrow dopasowania do danych i przewidywania, ktdre charakteryzuja
oceniany model. Réwnomiemne roztozenie probek wiaczonych do zbioréw modelowego
i testowego na rysunku 16 a) $wiadczy o dobrym dopasowaniu modelu do danych i jego
dobrych wiasciwosciach przewidywania. Podobnie, model przedstawiony na rysunku 16 b)
charakteryzuje si¢ dobrym dopasowaniem do probek zawartych w zbiorze modelowym,
zdecydowane oddalenie wszystkich probek zawartych w zbiorze testowym od idealnej linii
dowodzi jego zlych wlasciwosciach przewidywania. Moga one by¢é przyczyna
np. nieodpowiedniej kompleksowosci modelu lub braku reprezentatywnosci zbioru
modelowego. Rysunek 16 c) przedstawia model o dobrych wlasciwosciach dopasowania do
danych i przewidywania. W odréznieniu od modelu przedstawionego na rysunku 16 a)
w zbiorze testowym zawarty jest obiekt dla ktorego model wykazuje gorsze wiasciwosci
przewidywania. Taki obiekt nazywany jest obiektem odlegtym.
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Rysunek 16 Wykresy ilustrujace modele N-PLS skonstruowane dla fluorescencyjnych obrazéw
probek wodnych ekstraktéw migty pieprzowej i informacji o catkowitej zdolnosci antyoksydacyjnej
a) o dobrych wilasciwosciach dopasowania do danych i przewidywania, b) o dobrych wlasciwosciach
dopasowania do danych i niesatysfakcjonujacych wiasciwosciach przewidywania oraz ¢) model PLS
skonstruowany dla fluorescencyjnych obrazéw wodnych ekstraktéow kawy i informacji o calkowitej
zdolnosci antyoksydacyjnej, zawierajacy obiekt odlegly wiaczony do zbioru testowego. Wykresy
zostaly skonstruowane dla zestawu danych omawianego w publikacji IV.

Model regresyjny konstruowany jest w taki sposdb, aby dobrze opisywat informacje
o wszystkich obiektach uzytych do jego konstrukcji. Takie kryterium jest zadowalajace
i efektywne wowczas, gdy w zbiorze modelowanych danych wszystkie obiekty sa w sposob
rownomierny rozproszone Ww przestrzeni eksperymentalnej. Czgsto, w danych
eksperymentalnych, zwlaszcza opisujacych prébki pochodzenia naturalnego, zdarzaja sig
obiekty oddalone od wigkszosci probek, zwane obiektami odleglymi. Prébki tego typu sa
wynikiem bledu laboratoryjnego lub unikatowego skladu chemicznego probki. Obecnos¢
obiektow odlegtych negatywnie wplywa na wiasciwosci dopasowania i przewidywania
modeli regresyjnych opartych na zalozeniu minimalizacji sumy kwadratow reszt od modelu.
Model ulega ,przekrzywieniu” w celu zminimalizowania sumy kwadratéw reszt dla
wszystkich obiektdw, przez co nie opisuje dobrze wigkszosci danych (rysunek 17). Bledna
estymacja wspolczynnikéw regresji prowadzi do modeli o ztych wiasciwosciach
predykcyjnych.
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Rysunek 17 Rysunki przedstawiaja przykladowe modele kalibracyjne utworzone metoda
najmniejszych kwadratéw dla danych: a) bez obiektéw odleglych oraz b) z obiektem odleglym.

W praktyce nie mozna z gory zakladaé, ze w danych eksperymentalnych obiekty odlegie
beda nieobecne. Wstgpna analiza struktury danych, dokonana metodami eksploracyjnymi
rzadko pozwala na ich skuteczna detekcje. Dodatkowo obiekty, ktére uznano za odlegle
moga dostarczy¢ cennych informacji podczas konstrukcji modelu, dlatego opracowano
metody regresyjne, ktére sa nieczutle na ich obecno$¢ np. stabilny wariant regresji
czgsciowych najmniejszych kwadratow (ang. partial robust M-regression, PRM) [25].

4.2.1.2. Stabilny wariant regresji czeSciowych najmniejszych kwadratow

Stabilny model kalibracyjny PRM konstruowany jest tak, aby jak najlepiej opisaé
kowariancj¢ pomi¢dzy zmiennymi zaleznymi i niezalezng reprezentowang przez wigkszosc
danych zawartych w zbiorze modelowym i zarazem minimalizuje negatywny wplyw
obiektow odlegtych. W trakcie budowy modelu obiekty odlegle nie sg eliminowane ze zbioru
modelowego. Dzigki uzyciu stabilnych estymatoréw i przypisaniu wagi kazdemu obiektowi
uzytemu do konstrukcji modelu negatywny wplyw obiektéw odleglych na model jest
eliminowany.

Wagi poszczegdlnych obiektow obliczane sa w sposob iteracyjny jako iloczyn wag
definiowanych w przestrzeni modelu, w}’, i wag dla reszt, w]. Wagi wptywu i-tego obiektu
na model obliczane sa zgodnie z nastgpujacymi rwnaniami:

w

x _ [Iti—L1med(T)ll
P =Y (medillti—leed(T)H ' C) (10)

oraz

1

(-fal)

Y(z,0) = (1)
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gdzie, ||®|| to norma euklidesowa wektora t; zawierajacego wyniki modelu PLS o wybranej
kompleksowosci, ‘L1med’ to mediana L1 bedaca stabilnym estymatorem srodka danych [26],
Y to funkcja wazaca (ang. “Fair” function), c stata (w wigkszosci zastosowan ¢ = 4) [27].

Waga reszt dla i-tego obiektu jest obliczana wediug nastgpujacego rownania:

wi =9 (=) (12)

)
OMAD

gdzie, r; to reszty od modelu (podniesione do kwadratu r6znice pomigdzy przewidziang na
podstawie modelu i obserwowana wartoscig odpowiedzi dla i-tego obiektu), omap to stabilny
estymator skali danych wyrazony jako mediana z bezwzglednej wartosci odchylen od
mediany [27]:

OMAD = medl-|rl- - medj(rj)| (13)

gdzie, ‘med’ oznacza stabilny estymator pofozenia srodka danych — mediang.

Wagi obliczane sa iteracyjnie, do momentu w ktorym zbieznos¢ algorytmu jest osiagnigta,
tj. kiedy réznice pomigdzy normami wektordw wspdtczynnikéw regresji modelu PRM
w dwéch nastepujacych po sobie iteracjach sa na dostatecznie niskim poziomie (np. 107).
Nastepnie, wyznaczone wagi sa uzywane do konstrukcji wieloparametrowego modelu.

Oszacowane parametry modelu PRM mozna zastosowaé do identyfikacji obiektow odlegtych
oraz do ustalenia zakresu ich oddzialywania na model. Wykorzystuje si¢ do tego dwie
wystandaryzowane wartosci oszacowane dla kazdego z obiektow — stabilne odleglosci
w przestrzeni modelu oraz reszty. Dla obydwu wartosci, wyznacza si¢ wartosci progowe
zaktadajac rozktad normalny dla wigkszosci obiektéw uzytych do budowy modelu, ktdre
dziela przestrzen tego modelu na cztery czg¢sci. Wizualizacji dokonuje si¢ na wykresie
konstruowanym dla wartosci odleglosci wzgledem wartosci reszt (rysunek 18 a). Wplyw
danego obiektu okresla si¢ w oparciu o to, w ktorej czgsci przestrzeni si¢ znajdzie.
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Ze wzgledu na wartosci obydwu parametréw obiekty dzieli si¢ na:

A. obiekty o matych wartosciach reszt i zlokalizowane w centrum przestrzeni modelu
(ang. regular objects);

B. obiekty o matych wartosciach reszt, ale oddalone w przestrzeni modelu (ang. good
leverage objects), obiekty ktére moga pozytywnie wplywac na parametry modelu
i zwigksza¢ zakres jego stosowalnosci;

C. obiekty oddalone w przestrzeni modelu od wigkszosci danych oraz posiadajace duze
wartosci reszt (ang. bad leverage objects), negatywnie wpltywajace na parametry modelu;

D. obiekty o duzych wartosciach reszt, ale nie oddalone w przestrzeni modelu (ang. high
residual objects).
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Rysunek 18 a) Podzial przestrzeni stabilnego modelu PRM na cztery obszary ze wzgledu na
oddziatywanie obiektéw na model, b) wizualizacja rozkladu obiektéw zbioru modelowego
w przestrzeni modelu PRM zbudowanego z uzyciem trzech czynnikéw (szczegétowa dyskusja
znajduje si¢ w publikacji I).

Stabilny wariant modelu kalibracyjnego wykorzystalam do rozwiagzania problemu
z dziedziny analityki procesowej, ktdry wyczerpujaco omowitam w publikacji I. Ocena
jakosci probek cukru (wyrazonej jako kolor lub zawarto$¢ popiotu) pobranych bezposrednio
po procesie rafinacji tego produktu dokonana zostala w oparciu o modele kalibracyjne
zbudowane na podstawie ich fluorescencyjnych obrazéw. W publikacji przedstawitam
poréwnanie dziatania metod PLS, N-PLS i stabilnej metody kalibracyjnej PRM.
Prawdopodobienstwo wystgepowania obiektow odlegtych w przypadku probek pochodzacych
bezposrednio z procesu produkcyjnego jest wigksze niz wtedy gdy do budowy modelu uzyte
sa probki przygotowane w laboratorium. Lepsze parametry dopasowania do danych
i przewidywania uzyskane dla modeli stabilnych (w poréwnaniu z metodami PLS i N-PLS)
potwierdzily powyzsze zatozenie i umozliwity kontrol¢ parametréw jakosci w oparciu
o nieselektywne sygnaty — fluorescencyjne obrazy.
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4.2.1.3. N-modalna regresja czesciowych najmniejszych kwadratow

Innym typem modelu w trakcie konstrukcji ktérego wykorzystuje si¢ kryterium czg¢sciowych
najmniejszych kwadratéw jest jego N-modalna wersja [20], dedykowana modelowaniu
danych, w ktérych zmienne niezalezne sa tensorem (maja wymiarowos¢ danych wigksza niz
dwa, czyli sa drugiego lub wyzszego rzg¢du). Podobnie jak w przypadku klasycznego modelu
PLS, regresja zmiennej objasnianej (y) dokonywana jest w oparciu o zmienne ukryte,
utworzone wg. zasady maksymalizacji wariancji zawartej w zmiennych objasniajacych
i kowariancji pomi¢dzy zmiennymi objasniajacymi i objasniang. W notacji wektorowo
macierzowej model N-PLS mozna przedstawi¢ w nast¢pujacy sposéob:

x[m,nxo] = T[m,f]( w[o,f] |®|w[n,f])T + E[m,nxo] (14)

Yim1) = Tm.a1brra) + €may (15)

gdzie, Xpnnxo) to rozwinigta postac tensora Xmn o) zmiennych objasniajacych, Tim )
Wi, s} oraz W[ o.f1 0 macierze zawierajace f triad (na ktdre zdekomponowana zostata

macierz X), |®| reprezentuje iloczyn Khatri-Rao, Epp,nxo) 0raz e[, 1) zawierajg reszty od
modelu, Yj,,1) to zmienna objasniana, by q) to wektor zawierajacy wspdiczynniki regresji
modelu.

W przypadku fluorescencyjnych obrazéw, metody N-modalne pozwalaja uwzglgdni¢ podczas
konstrukcji modelu kalibracyjnego trdjliniowa strukturg danych. Tréjliniows strukture
danych determinuje:

e liniowa zaleznos¢ sygnatu analitu od jego st¢zenia;

e dwuliniowo$¢ sygnatlu (ang. bilinearity) dla kazdej probki (tzn. sygnal moze by¢
przedstawiony jako iloczyn dwoch macierzy, ktére pomnozone przez siebie odtworza ten
sygnat);

e stalo$¢ profili analitow dla réznych probek (tzn. ksztatt profilu dla pojedynczego
komponentu jest identyczny we wszystkich rejestrowanych sygnatach, a intensywnosé
sygnatu zalezy od ste¢zenia tego analitu) [28].

Czg¢sto, modele chemometryczne konstruowane na podstawie fluorescencyjnych obrazéw
posiadaja zalet¢ drugorzgdowosci, tzn. nie sg czute na obecnos¢ ewentualnych interferentow
w badanych prébkach. Metody PARAFAC i N-PLS wykorzystujg dekompozycje trojliniowe;j
struktury danych dzigki czemu zaleta drugorzedowosci jest zachowana. Jednak nie kazdy
model skonstruowany na podstawie fluorescencyjnych obrazéw bedzie posiadat zalete
drugorzgdowosci. Modelowanie rozwinigtych widm metoda PLS czg¢sto prowadzi do modeli
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kalibracyjnych o bardzo dobrych wilasciwosciach predykcyjnych. Niestety zaburzenie
trojliniowej struktury danych (przez ich rozwinigcie) powoduje utrate zalety
drugorzedowosci.

N-modalng regresj¢ czg$ciowych najmniejszych kwadratow wykorzystatam do konstrukcji

modeli dla fluorescencyjnych obrazéw zestawionych w trdjwymiarowe tensory. W kazdym

przypadku parametry modeli N-PLS poréwnatam z parametrami koncepcyjne prostszej

metody PLS, stosowanej dla rozwini¢tych sygnatéw dwuwymiarowych. Pordwnania

dotyczace efektywnosci modeli klasycznych i N-modalnych przedstawitam w pigciu

publikacjach zawartych w cyklu, w ktérych omawiam nast¢pujace zagadnienia:

e w publikacji I modelowanie jakosci cukru, ocenionej jako jego kolor i zawartosé
popiotu;

e w publikacjach II i III oceng¢ jakosci oleju napgdowego, ktora definiuja wymagania
stawiane przez Ministerstwo Finanséw Rzeczypospolitej Polskie;j;

e w publikacjach IV i V ocen¢ jakosci produktéw spozywcezych wyrazona jako zawartos¢
zwigzkow o whasciwosciach antyoksydacyjnych lub polifenoli.

4.2.1.4. Regresja czeSciowych najmniejszych kwadratow 2z eliminacja
zmiennych nieistotnych.

Kolejnym z wariantéw klasycznej metody PLS jest metoda umozliwiajaca eliminacje
zmiennych nieistotnych — UVE-PLS (ang. uninformative variable elimination) [29]. Metoda
ta utatwia eliminacj¢ zmiennych niezaleznych, ktore charakteryzujg si¢ wysoka wariancja, ale
mala kowariancja z modelowana zmienng zalezna. Dzigki temu kompleksowos¢ modelu
zbudowanego na podstawie zmiennych istotnych jest zazwyczaj nizsza od tego, ktory zostat
zbudowany dla danych oryginalnych, przez co interpretacja uzyskanych wynikow staje sie
bardziej przejrzysta.

W trakcie tworzenia modelu UVE-PLS do oryginalnych zmiennych objasniajgcych
(zawartych w  zbiorze modelowym) wprowadzane s3 nieistotne zmienne
o rozkladzie normalnym i bardzo matej amplitudzie. Ze zmodyfikowanego zbioru
modelowego, w sposob iteracyjny, usuwane sg kolejne obiekty. Dla pozostatych obiektow
obliczane sg wspotczynniki regresji odpowiadajace modelowi o optymalnej kompleksowosci.
Na podstawie wspotczynnikdw regresji uzyskanych w kolejnych iteracjach obliczana jest ich
stabilnosé (wyrazana jako stosunek wartosci Sredniej wspolczynnikdw regresji do ich
odchylenia standardowego). Poréwnujac stabilnosci wspolczynnikéw dla zmiennych
oryginalnych z tymi obliczonymi dla dodanych zmiennych nieistotnych wybierane s3
zmienne istotne (majace bezwgledne wartoéci stabilnosci wigksze niz warto$¢ progowa
ustalona na podstawie sztucznie dodanych zmiennych). Nast¢pnie, uzywajac wylacznie
zmiennych istotnych, buduje si¢ model PLS, ktory czgsto charakteryzuje sie nizszymi (lub
porownywalnymi) wartosciami RMSE, RMSEP oraz kompleksowoscia w poréwnaniu do
modelu zbudowanego dla oryginalnych danych.
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Metod¢ UVE-PLS wykorzystatam w analizie problemu opisanego w publikacji VI.
Przedstawitam mozliwo$¢ oceny jako$ct wyrazonej jako catkowita zdolno$¢ antyoksydacyjna
naparéw herbaty rooibos na podstawie danych chromatograficznych dwoéch rodzajow:
1) tabeli pikow zawierajacej informacje o ilosciowej zawartosci 12 zwigzkéw fenolowych
uznawanych za posiadajagce wihasciwosci antyoksydacyjne oraz 2) nieselektywnych
chromatograméw. Zastosowanie metody UVE-PLS umozliwito wskazanie jednego zwigzku
polifenolowego (witeksyny), ktéry nie jest istotny podczas modelowania wybranego
parametru w zwiazku z czym jego ilosciowe oznaczenie moze w kolejnych badaniach zosta¢
pominigte. Dodatkowo eliminacja nieistotnych zmiennych z nieselektywnych
chromatograméw umozliwita wskazanie pigciu pikow chromatograficznych reprezentujacych
dodatkowe substancje (nie ujete w tabeli pikow), ktére moga by¢ potencjalnymi markerami
zdolnosci antyoksydacyjnych i na zawartos¢ ktérych nalezy zwrdci¢ uwage w kolejnych
badaniach. Wstepna analiza dodatkowych pikéw wykazata ze s3 wsrdd nich np. aspalalinina
i pochodne eriodicytolu.

4.2.2.Klasyfikacja/dyskryminacja probek

Metody klasyfikacyjne/dyskryminacyjne majg na celu ustalenie przynaleznosci probki do
z gory zdefiniowanych grup prébek, na podstawie utworzonych regut logicznych.
Przykladowe problemy badawcze, do rozwigzania ktdrych mozna uzy¢ metod
klasyfikacyjnych lub dyskryminacyjnych to np.:

e ocena stanu zdrowia pacjenta, dokonywana na podstawie chromatogramu
zarejestrowanego dla wydychanego przez niego powietrza. W oparciu o skiad chemiczny
tworzy si¢ reguty logiczne i dyskryminuje probki oddechu pacjentéw tzn. przypisuje do
jednej ze zdefiniowanych grup: zdrowy lub chory [30];

e ocena pochodzenia geograficznego probek zywnosci. Na podstawie badan skladu
chemicznego ocenia si¢ przynaleznos¢ produktéw do jednej, kilku lub Zzadnej ze
zdefiniowanych grup okreslajacych pochodzenie geograficzne [31].

Reguly logiczne, na podstawie ktorych probki zostang przypisane do wybranych grup moga
by¢ konstruowane aby zapewni¢ dyskryminacj¢ lub modelowaé poszczegdlne grupy probek.
W pierwszym przypadku, cala przestrzen eksperymentalna (opisana przez probki zawarte
w zbiorze danych) jest dzielona na zalozona liczb¢ wzajemnie wykluczajacych sig
podprzestrzeni (definiujacych obszary grup probek), rysunek 19 a). Wtedy probka zostanie
przypisana tylko do jednej z mozliwych grup. W drugim przypadku, kazdej z grup
przypisany jest fragment przestrzeni eksperymentalnej z mozliwoscia pokrywania sig
fragmentdéw przynalezacych do dwdch réznych grup. Pozostawiona jest takze przestrzen
eksperymentalna, ktora nie nalezy do zadnej z nich, rysunek 19 b). Woéwczas probka moze
by¢ przypisana do jednej, kilku lub zadnej z rozwazanych grup.
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grupa 1
grupa 1
A\ / grupa 3

grupa 2 grupa 3 grupa 2

grupa 4 grupa 4

Rysunek 19 Przykiady podziatu przestrzeni eksperymentalnej ze wzgledu na sposdb tworzenia regut
logicznych: a) dyskryminacyjny, b) modelowanie poszczeg6inych grup.

Uzywajac sygnatéw nieselektywnych, modele klasyfikacyjne/dyskryminacyjne konstruuje sie
wykorzystujac takie chemometryczne techniki jak np.: liniowa analiza dyskryminacyjna
(ang. linear discriminant analysis, LDA) [32], dyskryminacyjna metoda regresji czeSciowych
najmniejszych kwadratéw (ang. discriminant partial least squares, D-PLS) [33], drzewa
klasyfikacji i regresji (ang. classification and regression trees, CART) [34] czy metoda
modelowania indywidualnych grup probek (ang. soft independent modelling of class
analogies, SIMCA) [35].

4.2.2.1. Metoda modelowania indywidualnych grup - SIMCA

SIMCA jest przyktadem metody klasyfikacyjnej, w ktorej dla kazdej z rozpatrywanych grup
tworzony jest odrebny model tzn. odrebny zestaw regut, ktéry umozliwia ocene
przynaleznosci nowej prébki do danej grupy. Oceny dokonuje sie na podstawie parametrow
ja opisujgcych (np. zestaw réznych parametréw fizykochemicznych jak pH, zawarto$é
wybranych substancji czy barwa lub parametréw zawartych w sygnale instrumentalnym).
Reguly klasyfikacji w metodzie SIMCA konstruuje sie w oparciu o parametry modeli PCA,
budowanych osobno dla zbioréw modelowych reprezentujgcych kazdg rozpatrywang grupe
prébek. W przestrzeni (wybranego) modelu PCA o optymalnej liczbie czynnikdw (ustalonej
np. na drodze walidacji krzyzowej) definiuje sie kryteria klasyfikacyjne, decydujace
0 przynaleznosci probek do danej grupy. Jednym kryterium klasyfikacyjnym jest wartos¢
reszt od modelu PCA o wybranej kompleksowosci, drugim natomiast odlegtosci
Mahalanobisa od $rodka danych w przestrzeni tego modelu. Wartosci progowe wyznaczajace
granice danej grupy ustala sie dla zatozonego poziomu prawdopodobiefstwa poprawnego
przypisania do tej grupy, korzystajgc z wybranych warto$ci stabelaryzowanych
(np. zakfadajagc normalny rozkiad reszt od modelu PCA i odlegtoSci w przestrzeni tego
modelu). Nowa prébka bedzie nalezata do danej grupy jezeli wartosci wybranych
wspotczynnikow  klasyfikacyjnych, obliczonych w przestrzeni modelu PCA o zatozonej
kompleksowos$ci bedg mniejsze niz ustalone wartosci progowe. SIMCA nalezy do metod,
w ktorych stosuje sie tzw. ,,miekkie” reguty klasyfikacji. Oznacza to, iz nowa prébka moze
zosta¢ przypisana do jednej, kilku lub zadnej z rozpatrywanych grup.
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Oceny jakosci modelu klasyfikacyjnego SIMCA dokonuje si¢ na podstawie niezaleznych
zbioréw testowych stanowiacych zbidr probek przynalezacych do danej grupy oraz probki, ktore
nalezg do innych modelowanych grup — rysunek 20.

[-1]
o

20 v

10+

z-transformowana wartosc reszt
w
[
o <
Foa o M
Toed
qd4
q
K
z-transformowana wartos¢ reszt

i L " el i L '} 1
0 2 4 6 8 10 12 14 16 18 0 2 4 8 8 10 12 14 16

Odlegtos¢ Mahalanobisa Odlegtos¢ Mahalanobisa

Rysunek 20 Wyniki klasyfikacji probek dokonanej metodami a) SIMCA i b) jej stabilnym
wariantem [31]. Probki nalezace do zbioru modelowego oznaczono jako (*), prébki nalezace do
zbioru testowego modelowanej grupy oznaczono jako (+), a probki nalezace do zbioru testowego
zawierajacego wszystkie probki przynalezace do innych klas niz modelowana oznaczono jako (V).
Dla odleglosci Mahalanobisa warto$¢ progowa ustalono na podstawie wartosci krytycznej rozkladu
%, dla liczby stopni swobody réwnej kompleksowosci modeli klasyfikacyjnych oraz poziomu
ufnosci 99,9%.

Rysunek 20 zostal przedstawiony w publikacji pt. Improvement of classification using robust
soft classification rules for near-infrared reflectance spectral data [31], ktorej jestem
wspdtautorem. Metoda SIMCA i jej stabilny wariant (nieczuly na obecno$¢ obiektow
odleglych) zostaty wykorzystane do identyfikacji sposobu karmienia $win na podstawie
zmian obserwowanych w watrobie bedacych konsekwencjg stosowanej podczas hodowli
karmy. Klasyfikacji dokonano na podstawie nieselektywnych sygnalow instrumentalnych —
widma 2z zakresu bliskiej podczerwieni — zarejestrowanych dla probek watroby.
Skonstruowane modele SIMCA umozliwily odroznienie trzech sposobow hodowli,
a w szczegdlnosci karmy podawanej zwierzgtom (karma zawierala dodatki: oleju
rzepakowego, mieszaniny olejow rzepakowego i sojowego, oraz nielegalny dodatek — tluszcz
pochodzenia zwierzgcego). Zagadnienie bedace przedmiotem publikacji jest istotne ze
wzgledu na regulacje chowu zwierzat przyje¢te przez Unig¢ Europejska.
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4.2.2.2. Dyskryminacyjny wariant regresji czeSciowych najmniejszych
kwadratow

W pierwszym zamys$le, metoda PLS zostata zaproponowana do modelowania zaleznosci
liniowych pomiedzy zmiennymi niezaleznymi X i zmienng zalezng y o charakterze ciggtym.
Pézniej zaczeto stosowac te metode do modelowania zaleznosci, w ktérych zmienna y ma
charakter dyskretny - binarny (przyjmuje warto$ci 0 lub 1) lub bipolarny (przyjmuje wartosci
1lub-1)-rysunek 21.

Zmienna zalezna Zmienna zalezna
ciggta dyskretna

binarna bipolarna

Rysunek 21 Zmienna zalezna o charakterze ciggtym i dyskretnym.

W takim przypadku, zmienna zalezna zawiera informacje o przynaleznosci opisywanych
prébek do jednej z mozliwych grup, a model PLS skonstruowany na jej podstawie umozliwia
dyskryminacje obiektow opisanych przez zmienne niezalezne. Uogblniajgc, zadaniem
dyskryminacyjnego wariantu regresji czesciowych najmniejszych kwadratow - D-PLS jest
konstrukcja modelu regresji w oparciu 0 nowe zmienne maksymalizujgce réznice pomiedzy
prébkami przynalezacymi do réznych grup.

W moich badaniach metode D-PLS wykorzystatam do konstrukcji modeli dyskryminujgcych
prébki oleju napedowego ze wzgledu na proceder nielegalnego usuniecia dodatkow
akcyzowych (barwnika - Solvent Red 19 i znacznika - Solvent Yellow 124), opisang
w publikacji 11l. Do budowy modeli uzytam fluorescencyjne obrazy zarejestrowane dla
prébek oleju napedowego, Kktory zostat poddany symulacji usuniecia komponentow
akcyzowych na drodze sorpcji. Ze wzgledu na obowigzujgce w Polsce przepisy prawne
i przyjety plan eksperymentu skonstruowatam cztery bipolarne zmienne dyskretne,
zawierajgce informacje o przynaleznosci do jednej z dwoch mozliwych grup — paliwo
o obnizonej i o regularnej wysokosci podatku akcyzowego. Otrzymane modele
dyskryminacyjne umozliwity rozréznienie prébek zawartych w niezaleznych zbiorach
testowych na dwie grupy ze skutecznoscig od 77% do 100%.

Jako$¢ modelu klasyfikacyjnego lub dyskryminacyjnego oceniana jest na podstawie
parametrow uwzgledniajacych liczbe poprawnie (lub niepoprawnie) zakwalifikowanych do
danej grupy prébek osobno dla zbiorow modelowego i testowego. Najpopularniejszym
parametrem jest stopien poprawnej dyskryminacji (ang. correct discrimination rate)
wyrazajacy liczbe poprawnie przypisanych do wybranej grupy prébek (najczesciej wyrazang
jako warto$¢ procentowa w odniesieniu do wszystkich ocenianych prébek). Inne parametry
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charakteryzujace jakos¢ modelu dyskryminacyjnego (lub klasyfikacyjnego) to jego czulosé
(nazywana rowniez wskaznikiem liczby probek prawdziwie pozytywnych, ang. frue positive
rate) lub specyficznos¢ (nazywana réwniez wskaznikiem liczby probek prawdziwie
negatywnych, ang. true negative rate). Czuto$¢ wyrazona jest jako stosunek liczby probek
poprawnie przypisanych do danej grupy (ang. frue positive) do liczby wszystkich probek
ktore oceniono jako przynalezace do tej grupy. Natomiast specyficznos¢ to stosunek liczby
probek zle przypisanych do grupy (ang. frue negative) do liczby wszystkich probek, ktore
rozpoznano jako przynalezace do danej grupy z uzyciem modelu.

4.3. Algorytmy obliczeniowe uzyte w pracy

Wszystkie obliczenia wykonane w ramach niniejszej pracy wykonatam uzywajac
algorytmow zaimplementowanych w srodowisku obliczeniowym Matlab.

Do przygotowania danych do analizy wykorzystatam: algorytm opracowany przez Zeppa
i wspdipracownikow [16] (do korekcji sygnaldw fluorescencyjnych) oraz algorytm
zoptymalizowanego nakladania sygnatéw maksymalizujacy ich wzajemna korelacjg, COW
[36] (do korekeji sygnatow chromatograficznych).

Do konstrukcji modeli eksploracyjnych, dyskryminacyjnych i kalibracyjnych wykorzystatam
pakiet TOMCAT [37] oraz pakiet N-way toolbox [38].

W miarg potrzeb dokonywatam samodzielnych modyfikacji dostgpnych algorytméw,
przygotowywalam wilasne skrypty obliczeniowe lub korzystalam z algorytméw
udostgpnionych przez wspoétpracownikow.
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5. Nieselektywne sygnaly i podejscia chemometryczne, a kontrola
jakosci

Kontrola jakosci wybranych produktéw to zagadnienie, ktéremu trudno jest przypisac
sztywne ramy. Ze wzgledu na roznorodno$¢ produktoéw i parametrow charakteryzujacych ich
jakosé, jej ocena wymaga uzycia rozmaitych rozwigzan analitycznych. Z uwagi na liczne
zalety jakie oferuja metody opierajagce si¢ na rejestracji nieselektywnych sygnatéw
analitycznych oraz odpowiednio zastosowane metody chemometryczne sa one czgsto
wykorzystywane do kontroli jakosci.

5.1. Kontrola jakosci produktow spozywczych

Jest to jeden z obszaréw badawczych, w ktéorym omawiane podejscie do analizy jakosci jest
niezwykle szeroko wykorzystywane. W ramach weryfikacji jakosci produktow spozywczych
rozpatruje si¢ szereg cech fizyko-chemicznych, ktére o niej decyduja. Najwazniejszym
zagadnieniem jest spelnianie wymogéw sanitarno-epidemiologicznych i tych, ktdre odnosza
si¢ do skladu chemicznego zywnosci (zwlaszcza zawartosci konserwantoéw, dodatkoéw
»polepszajacych” smak i zapach, a takze ré6znorodnych wypetniaczy) stosowanych na terenie
danego panstwa lub wspdlnot np. Unii Europejskiej. W literaturze naukowej przedstawiono
wiele metod dedykowanych kontroli nielegalnych dodatkéw wprowadzanych do zywnosci.
Przyktadowo, zawarto$¢ nielegalnego barwnika — sudan-I, wprowadzanego do rdéznych
produktow spozywczych, oceniana jest na podstawie widm spektroskopii Ramana [39].
Wykorzystujagc widmo UV-Vis i metody chemometryczne mozna réwnoczesnie ocenic
ilosciowa zawartos$¢ pigciu innych barwnikéw wprowadzanych do zywnosci [40]. Nie mniej
wazny jest sklad chemiczny zZywnosci informujagcy konsumenta o jej jakosci
np. informacja o zawartosci wybranych skladnikéw odzywczych. Szeroko stosowane sg
potaczenia chromatografii lub spektroskopii w zakresie bliskiej lub sredniej podczerwieni
i metod konstrukcji wieloparametrowych modeli kalibracyjnych do oceny catkowitej
zawartosci antyoksydantéw, np. [41 —43]. Te same techniki spektroskopowe uzywane sa do
oceny zawartosci wody i kwaséw organicznych w pomidorach [44], zawartosci kwasow
tluszczowych trans w olejach jadalnych [45] czy catkowitej zawartosci tluszczu
w majonezach i sosach satatkowych (bez koniecznosci przygotowania probki i wyjmowania
jej z opakowania) [46]. Fluorescencyjne obrazy stuza z kolei do oceny takich parametréw jak
zawarto$¢ tokoferoli w olejach [3] czy ryboflawiny i aminokwaséw zawierajacych pierscienie
aromatyczne w piwie [47], jak rowniez do oceny jakosci réznych produktéw zaliczanych do
nabialu [48]. Inne substancje, ktorych zawarto$¢ jest wyznacznikiem jakosci ocenianej
subiektywnie przez konsumenta (ze wzgledu na obnizenie kalorycznosci jedzenia czy walory
smakowe), to tzw. substancje slodzace. Jedng z nich jest acesulfam-K ktérego ilo$é
w produktach uznawanych za dietetyczne mozna oceni¢ w sposob szybki i niedestruktywny
uzywajac widm w zakresie podczerwieni modelowanych metodg PLS [49]. Zawartos¢
witamin w suplementach diety i napojach energetycznych jest réwniez subiektywnym
(z punktu widzenia konsumenta) wyznacznikiem jakosci, ktéry mozna ocenia¢ uzywajac
widm absorpcyjnych UV-Vis [50].
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Kolejnym waznym zagadnieniem w kontekscie oceny jakosci produktéw spozywczych jest
weryfikacja ich pochodzenia geograficznego [51] i czgsto za nig idace réznice w jakoSci
produktéw oferowanych przez producentéw z réznych krajow lub regionéw swiata.
Mozliwosé identyfikacji miejsca produkcji czy pochodzenia danego towaru jest ceniona
zwlaszcza ze wzgledu na regulacje Unii Europejskiej i innych instytucji, ktére przyznaja
miedzy innymi unikatowym regionalnym produktom spozywczym ochron¢ prawna.
Wyrdznia si¢ takie znaki jak PDO odnoszacy si¢ do unikatowych produktow $cisle
zwiazanych z danym regionem (ang. protected designation of origin), PGI odnoszacy si¢ do
produktow produkowanych w danym regionie geograficznym (ang. protected geographical
indication), czy TSG odnoszacy si¢ do produktéw charakteryzujacych si¢ tradycyjnym
sposobem produkcji, sktadem lub wykonaniem z tradycyjnych surowcoéw (ang. traditional
specialities guaranteed) [52,53)]. Ze wzgledu na wprowadzang ochrong prawna, weryfikacja
pochodzenia zywnosci moze rowniez przyczynic¢ si¢ do wykrycia procederu falszowania
wybranych, unikalnych i chronionych produktéw spozywczych. Na przyktad, pochodzenie
miodéw polskich oceniano na podstawie widm jadrowego rezonansu magnetycznego
poddanych kalibracji z uzyciem metody PLS [54]. W ramach mig¢dzynarodowego projektu
TRACE badano migdzy innymi pochodzenie miodow wyprodukowanych w réznych krajach
na podstawie ich chromatograficznych odciskéw palca [55]. Z kolei geograficzne
pochodzenie mleka moze by¢ ocenione przy uzyciu modelu dyskryminacyjnego
i fluorescencyjnego obrazu probki [4]. Nie mniej waznym zagadnieniem jest celowe
falszowanie produktéow spozywczych nieobjetych specjalng ochrong prawna
np. poprzez dodatek tanszych wypelniaczy [56]. Nieselektywne sygnaly analityczne sa
wykorzystywane podczas oceny autentycznosci wolowiny ze wzgledu na dodatek
wieprzowiny [57] lub koniny [58]. Widma spektroskopii Ramana znalazty zastosowanie do
oceny zafalszowania masta innym niz zawartym w mleku tluszczem zwierzgcym [59],
a spektroskopia w zakresie podczerwieni pozwala wykry¢ dodatek margaryny w masle [60]
lub mleka sojowego w mleku krowim [61]. Analizujac widma fluorescencyjne mozna
kontrolowa¢ sktad chemiczny olejow roslinnych [62] i oliwy z oliwek [63]. Sygnatly
instrumentalne rejestrowane w zakresie podczerwieni uzywane sa do wykrycia procederu
falszowania szafranu [64] czy wprowadzania dodatku pszenicy lub kukurydzy do zmielonej
kawy [65].

Jakos¢ produktéw ocenia si¢ réwniez ze wzgledu na przemiany chemiczne zachodzace
w zZywnosci na przestrzeni czasu kontrolujac termin przydatnosci do spozycia (ang. shelf
life). Widma w zakresie podczerwieni wspomagaja oceng jakosci owocow [66] i warzyw [67]
w zaleznosci od warunkow ich przechowywania. Nieselektywne sygnaly sa podstawg
konstrukcji modeli dyskryminacyjnych stosowanych do oceny swiezosci migsa wolowego
[68], drobiowego [69] i ryb [70]. Widma fluorescencyjne byly réwniez pomocne w ocenie
stopnia §wiezosci jogurtow [71]. Pomiary jakosci wykonywane na przestrzeni czasu znalazly
swoje zastosowanie takze podczas kontroli procesu produkcyjnego. Ze wzgledu na
szybkosc¢ rejestracji widm w zakresie podczerwieni, ktore s zrodlem informacji o jakosci
produktu i zarazem procesu, stosuje si¢ je np. do oceny procesu dojrzewania piwa [72],
wyrobu ciasta chlebowego [73] czy oceny tekstury sera topionego [74].
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Podejmowane sa rowniez préby zastgpienia analizy sensorycznej (dokonywanej przez
wykwalifikowanych materialoznawcow tworzacych tzw. panele sensoryczne) przez metody
oparte na sygnatach nieselektywnych wspieranych modelami chemometrycznymi np. do
oceny parametrow jakosci zwigzanych z reakcjami Maillarda [75].

5.2. Ocena jakosci Srodowiska naturalnego

To kolejny obszar, w ktérym nieselektywne sygnaly analityczne i towarzyszace im
rozwigzania chemometryczne znalazly swoje zastosowania. Sa to zwlaszcza badania jakosci
wod i gleb. Wsrdd technik najczgsciej uzywanych do badan probek wod wazne miejsce
znajduje spektroskopia fluorescencyjna w szczegolnosci fluorescencyjne obrazy stosowane
do oceny S$ladowych i ultrasladowych zawartosci substancji organicznych (76— 78],
a zwlaszcza wielopierscieniowych weglowodoréw aromatycznych [16,76,79]. Badania gleb
pod katem informacji o zanieczyszczeniach takich jak substancje organiczne [80], czy
nieorganiczne (azotany) [81] najcz¢sciej prowadzi si¢ przy uzyciu spektroskopii w zakresie
bliskiej podczerwieni. Technike t¢ wykorzystuje si¢ takze do jakosciowej charakterystyki
podloza [82]. Zanieczyszczenia spowodowane pozostalosciami paliw kontroluje si¢ na
podstawie modeli kalibracyjnych konstruowanych dla fluorescencyjnych obrazéw [83] lub
widm w zakresie bliskiej podczerwieni [84]. Opracowano rowniez czulg technike
umozliwiajagca ilosciowa ocen¢ zawartosci pochodnych naftalenu w glebie na podstawie
pomiaréw fluorescencyjnych [85]. Dane analityczne uzyskane przy wuzyciu technik
chromatograficznych, modelowane z uzyciem wieloparametrowych metod kalibracyjnych sa
stosowane do kontroli jakosci osadéw rzecznych i $ciekéw np. ze wzgledu na zawartosc
herbicydow [86].

Innym aspektem jakosci s$rodowiska naturalnego ocenianym poprzez rejestracje
nieselektywnych sygnatéw analitycznych s3 badania bioindykatorow. Gatunki zaliczane do
tej grupy czesto wystepuja w bardzo mato licznych populacjach. Metody oparte na pomiarze
widm NIR i modelach kalibracyjnych [87] charakteryzujg si¢ wicksza czuloscig niz
standardowe testy biologiczne uzywane do oceny liczebnosci bioindykatoréw [88].

5.3. Analiza jakosci produktéw energetycznych

To problem analityczny, w ktérym nieselektywne sygnaly rejestrowane gldwnie w zakresie
bliskiej podczerwieni, s3 réwniez intensywnie wykorzystywane do oceny parametréw
réznych produktéw zaliczanych do grupy paliw. Sygnaly NIR stosuje si¢ do oceny
wilasciwosci fizycznych paliwa lotniczego (np. temperatur zaptonu czy zamarzania) [89],
w potaczeniu z metodami kalibracyjnymi sg takze pomocne przy kontroli jakosci mieszanin
olejow napgdowych [90] oraz wegla pod wzgledem jego wykorzystania w elektrowniach [91].
Dzigki drugorzedowe;j strukturze danych, fluorescencyjne obrazy z powodzeniem sa uzywane do
badan mieszanin oleju napedowego i nafty [5] oraz paliwa lotniczego i oleju napgdowego [92].
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5.4. Dziedziny nauk typu ,omika”

Stosunkowo mtode dziedziny nauk z grupy ,,omika” takie jak np. genomika, proteomika czy
metoabolomika staja si¢ coraz bardziej popularne, stanowiac nowoczesne platformy dla
realizacji m.in. badan medycznych i biotechnologicznych [93]. Analizg¢ probek w tych
dziedzinach przeprowadza si¢ wykorzystujac metody instrumentalne generujace takie
nieselektywne sygnaty jak dwuwymiarowe zele elektroforetyczne [94] czy widma masowe
pochodzace z pomiaréw typu MS/MS [95]. Ekstrakcja uzytecznej informacji zawartej
w takich sygnatach nie bylaby mozliwa, gdyby nie metody chemometryczne. Uzyskanie
istotnej informacji z takich sygnaldéw jest trudne, zwlaszcza ze wzglgdu na ich duza
ztozono$¢ pod wzgledem liczby analizowanych substancji, naktadanie sig¢ sygnatéw analitow
o podobnych wiasciwosciach czy rozmiar danych. Dlatego, zaawansowana analiza danych
i krytyczne podejscie do uzyskanych wynikéw sa w tego typu badaniach niezbgdne [96].
Wydawaé by si¢ moglo, ze wykorzystanie podej$¢ ,,omika” do oceny jakosci jest mato
popularne. Jednak, w dobie rozwoju inzynierii genetycznej i wprowadzania na rynek
konsumencki coraz wigkszej ilosci zywnosci modyfikowanej genetycznie wiedza na temat
genomu lub proteomu produktéw pochodzenia roslinnego i zwierzecego jest potrzebna.
Nazwana z jezyka angielskiego fudomika jest stosunkowo nowa skladowa ,,omik”, ktora
zajmuje si¢ miedzy innymi tego typu problemami analitycznymi [97]. W literaturze sa
opisane metody umozliwiajagce ocen¢ czy probka zywnosci jest transgeniczna [98], jak
réwniez pozwalajace kontrolowaé zawartos¢ takich zwigzkow jak pestycydy, alergeny czy
antybiotyki [99].

Innym obszarem aplikacyjnym podejs¢ typu ,omika” jest kontrola proceséow
biofarmaceutycznych, w ktorych jakos¢ stosowanych lekéw pochodzenia biologicznego lub
uprawianych roslin ma kluczowe znaczenie w zrozumieniu kontrolowanych mechanizméw
biologiczno-chemicznych [100].

5.5. Ocena jakosci w badaniach farmakologicznych

Nieselektywne sygnaly stosuje si¢ przede wszystkim, do oceny jakosci lekow zawierajacych
pojedyncze substancje aktywne [101,102] jak i tych wielosktadnikowych, charakteryzujacych
si¢ matryca o skomplikowanym skiadzie [103]. Spektroskopia w zakresie bliskiej
podczerwieni cieszy si¢ najwigckszym zastosowaniem w analizie jakosci lekow [104].
Wykorzystujac te technike opracowano rozwigzania takich probleméw badawczych jak
kontrola procesu produkcji lekéw i1 ocena ilosciowa substancji aktywnej w matrycy
w formie tabletek [105] czy mieszanie i ujednorodnianie lekéw w postaci proszkéow [106].
Kolejne wazne problemy wystgpujace podczas produkcji lekow, do ktérych spektroskopia
NIR ma swoje zastosowanie, to ocena zawartosci wilgoci w tabletkach [107], a takze
okreslenie postaci polimorficznych substancji aktywnych [108,109].

Strona 47




5. Nieselektywne sygnaly i podejscia chemometryczne, a kontrola jakosci

Wysokosprawna chromatografia cieczowa z odpowiednio dobranym sposobem detekeji jest
z kolei szeroko stosowana do oceny jakosci ziél o zastosowaniu leczniczym [109],
do charakterystyki lekow stosowanych w medycynie chinskiej [110], a takze do oceny
czystosci lekow [111].

Fluorescencyjne obrazy dzigki wiasnosci drugorzg¢dowosci, ktéra uwidacznia si¢ podczas
konstrukcji modeli kalibracyjnych, sg z powodzeniem stosowane do kontroli dynamiki
procesu uwalniana i dystrybucji lekéw w ludzkim organizmie. Oceny takiej dokonuje si¢
w oparciu o probki pltynéw ustrojowych, ktore majg bardzo bogata matryce. W serum krwi
bada si¢ uwalnianie i metabolity lekéw przeciwnowotworowych [112], lub
przeciwkaszlowych [113], a takze zawartos¢ innych substancji biologicznie aktywnych jak
popularny antyoksydant resweratrol [114]. W moczu z kolei oznaczano np. zawartos¢ lekow
stosowanych w leczeniu choréb psychicznych [115], chordb serca [116] czy popularnego
leku przeciwzapalnego — paracetamolu [117]. Fluorescencyjne obrazy znalazty réwniez
zastosowanie w ocenie ilosciowej zawartosci testosteronu w kosmetykach [118].

Prowadzone sa takze badania nad wykorzystaniem nieselektywnych sygnatéw w diagnostyce
chorob i poszukiwaniach potencjalnych biomarkeréw wybranych schorzen [119 — 121].

Duza liczba publikacji poswieconych uzyciu nieselektywnych sygnatow i technik
chemometrycznych w kontekscie kontroli jakosci, swiadczy o potrzebie tego typu rozwiazan.
Najczgsciej, do opracowywania nowych metodyk analityki procesowej (dziat nauki opisujacy
zagadnienia zwigzane z kontrolg proceséw produkcyjnych) wykorzystywane sa sygnaty
instrumentalne uzyskiwane dzigki technikom niedestrukcyjnym, ktére mozna zastosowac
bezposrednio w analizach typu ,on-line” (np. spektroskopie fluorescencyjna, NIR).
Ze wzgledu na staty wzrost wymagan stawianych roéznorodnym produktom, jak réwniez na
koniecznos¢ dokonywania analiz jakosci w odniesieniu do badan z réznorodnych dziedzin
np. $rodowiskowych, biologicznych czy kryminalistycznych, chemometryczne opracowanie
sygnatéw nieselektywnych jest zagadnieniem niezwykle istotnym.

Strona 48




6. Cel pracy

6. Cel pracy

Celem mojej pracy bylo efektywne wykorzystanie informacji zawartej
w nieselektywnych sygnalach analitycznych poprzez ich przetwarzanie z uzyciem
narzedzi chemometrycznych w kontekscie rozwiazywania probleméw szeroko pojetej
chemii analityczne;j.

Wsrdd nich sa problemy zwigzane z kontrola jakosci wybranych produktow spozywczych
oraz badaniem jakosci i autentycznos¢ produktu jakim jest olej napedowy.
W trakcie moich badan, opracowatam szereg rozwigzan analitycznych uzytecznych do:

e oceny jakosci cukru ze wzgledu na jego zabarwienie i zawartos¢ popiotu,

e oceny jakosci oleju napgdowego o obnizonej akcyzie ze wzgledu na zgodnos¢ poziomu
stezenia dodatkow akcyzowych (Solvent Red 19 i Solvent Yellow 124) z wymaganiami
stawianymi przez rozporzadzenia Ministerstwa Finanséw oraz mozliwos¢ poddania
prébki oleju procedurze nielegalnego usuwania dodatkow akcyzowych na drodze sorpcji,

e oceny jakosci roéznych produktow spozywczych (kawa, trzy rodzaje zidt, pasty
pomidorowe, suplementy diety oraz herbata typu rooibos) wyrazonej jako catkowita
zawarto$¢ antyoksydantow.

By osiagnaé ustalony cel zaplanowatam i przeprowadzitam eksperymenty konieczne do
pozyskania zbioru danych opisujacych poszczegblne problemy badawcze. W dwoéch
przypadkach, skorzystalam z zestawow danych eksperymentalnych otrzymanych od
zespotow badawczych z Kopenhagi i Sellenbosch. Nast¢pnie, dane przygotowywatam do
analizy i modelowalam uzywajac réznych metod chemometrycznych, adekwatnych do
rozwigzania wybranego problemu badawczego.

Ze wzglgdu na atrakcyjne wilasciwosci spektroskopii fluorescencyjnej i zalety
charakteryzujace fluorescencyjne obrazy (w poréwnaniu z widmem emisyjnym
rejestrowanym dla pojedynczej fali wzbudzenia) sa to nieselektywne sygnaty analityczne, na
ktorych skupiam najwigksza uwage w mojej pracy. Nie mniej jednak, zastosowanie innych
nieselektywnych sygnatéw (np. chromatograméw czy widm rejestrowanych w zakresie
podczerwieni) w kontekscie kontroli jako$ci rdéwniez byto obiektem moich badan.

Nieprzypadkowo, wybrane do badan produkty charakteryzuja si¢ skomplikowana matryca
chemiczng. Celem przeprowadzonych badan bylo réwniez udowodnienie, ze
odpowiednio zastosowane narz¢dzia chemometryczne umozliwiaja uzyskanie istotnej
informacji, nawet jezeli analizowany sygnal jest zlozony. Dlatego, wykorzystywane przeze
mnie nieselektywne sygnaty analityczne oprocz poszukiwanej informacji o jakosci zawierajg
dodatkowe informacje, nie zawsze istotne z punktu widzenia modelowanego parametru.
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W tym rozdziale charakteryzuj¢ zrealizowane przeze mnie badania, stanowiace podstawg
niniejszej pracy doktorskiej. Wyniki badan zostaly opisane w szesciu artykulach, ktore
opublikowano w czasopismach z Listy Filadelfijskiej. Sumaryczna wartosé¢ wspétczynnikow
Impact Factor wszystkich publikacji wynosi 19,345".

Ponizej, przedstawiam krotki opis badan w nich zawartych oraz oryginalne publikacje wraz
z deklaracjami wkiadu wszystkich wspotautoréw, ktorzy przyczynili si¢ do ich powstania.

"Wartosci wspotczynnikéw Impact Factor dla roku w ktérym wydano publikacie.
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7.1. Publikacjal

Kontrola jakosci cukru na podstawie fluorescencyjnych odciskéw palca i stabilnej
kalibracji

Tytut oryginalny: Controlling sugar quality on the basis of fluorescence fingerprints using
robust calibration

Autorzy: Joanna Orzet
Michat Daszykowski
Beata Walczak

Czasopismo: Chemometrics and Intelligent Laboratory Systems

Rok wydania: 2012

Tom: 110
Strony: 89-93
Wartos¢

wspdtczynnika

Impact Factor : 2,291

W publikacji I wykorzystalam mozliwos¢ zastosowania fluorescencyjnych obrazéow
w kontekscie kontroli jakosci cukru w trakcie procesu produkcyjnego. Nieselektywne widma
fluorescencyjne wykorzystatam do oceny dwoch wyznacznikéw jakosci cukru — jego barwy
i zawartosci popiotlu. Metody chemometryczne, ktdre uzylam do konstrukcji modeli
kalibrujacych wybrane parametry jakosci to podstawowy (klasyczny), stabilny i N-modalny
wariant regresji czg§ciowych najmniejszych kwadratow. Uzycie stabilnej metody konstrukcji
modeli kalibracyjnych (PRM) umozliwito wlaczenie do modeli wigkszej liczby zrodet
zmiennosci probek. Dzigki temu zaréwno bledy dopasowania jak i przewidywania, ktore
charakteryzujag modele stabilne, skonstruowane do oceny koloru i zawartosci popiotdw sg
nizsze w stosunku do parametréw charakteryzujacych modele PLS i N-PLS. Stosujac
proponowane w publikacji rozwigzanie mozna ocenié¢ zabarwienie cukru z blgdem 3,24%,
natomiast zawartos¢ popiotu z blgdem 4,37%. Uzyskanie wysokiej dokladnosci oceny
parametréw jakos$¢ cukru sprawia, Ze proponowane rozwigzanie moze znalez¢ zastosowanie
praktyczne.
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properties were monitored -

The aim of our study was to highlight the benefits of robust calibration in the context of process control. Two
the color and ash content of sugar samples. It was shown for the data being
studied that robust models, constructed using the partial robust M-regression technique, have a better fit
to the majority of the data and prediction properties than the classic partial least squares and N-way partial

least squares models. In particular, the constructed calibration models were characterized by a root mean

Kewords:

Proess analytical technology
Partial lesst squeres

Panial robust Mhregression
NPLS

1. Introduction

Nowadays, the quality of a given food product is a significant cri-
terion that is considered by consumers. A high product quality
implies its safety and satisfactory sensory properties. The safety of
food products is controlled by authorized laboratories on the basis
of regulations for describing the attributes of food products. These
regulations are established by local and international organizations
e.g. the International Standardization for Organization (ISO), the
Quality Control Council of the United States, the Polish Standardiza-
tion Committee, etc. On the other hand, sensory evaluation is often
more definitive than the laboratory one because some product fea-
tures such as color, texture and smell can be judged by consumers
themselves. Therefore, itis very important to control the final product
and its production process in order to obtain products that are virtu-
ally identical from batch to batch. This philosophy is the core of pro-
cess analytical technology (PAT). PAT efficiently combines knowledge
of analytical chemistTy and the use of chemometric tools to design
and monitor the quality of manufactured products. The PAT method-
ology is greatly appreciated in many branches of industry, including
the food, pharmaceutical and chemical industries 11-5). The sugar in-
dustry is one of many examples where the PAT concepts are exercised
extensively [6.7). The main properties that are important for sugar
quality assessment are its color and purity (defined as the total
amount of organic and inorganic impurities). To monitor changes
in these two parameters, multivariate calibration models such as

* Corresponding aurhor.
B/ address: mitchaUUszykowskieus.edu.pl (M Dauykowski).

01®-743M - see front matter C 2011 Hsevier BV. Al rights reserved,
doi: 10.1016/}.chenolab.2011.10001

square errors improved by 1.60% and 1.82% and a root mean square errors of prediction (for independent
test samples) improved by 2.39% and 1.11% compared to classic panial least squares models constructed
for color and ash content, respectively.

© 2011 Elsevier B.V. All rights reserved.

principal component regression (PCR) |8) and partial least squares
regression (PLS) [8] can be used

Recently, there has been a steadily growing interest in the use of
chemical fingerprints Tor describing different processes and their
end products lor the purpose of process control. Spectroscopic tech-
niques, such as near-infrared spectroscopy (NIR) and fluorescence
spectroscopy have gained a great deal of attention in the field of
PAT. They are relatively inexpensive, allow for the rapid acquisition
of spectroscopic fingerprints (also on-line) and are non-destructive
techniques.

In this study, the use of fluorescence fingerprints in PAT is ex-
plored. Excitation and emission fluorescence spectra of samples (the
so-called fluorescence landscapes) that are collected simultaneously
contain richer chemical information than a single excitation or emis-
sion fluorescence spectrum. Therefore, they seem to be attractive for
the purposes of process control. To date, fluorescence fingerprints
have been used to construct multivariate calibration models that are
able to predict the riboflavin content in yogurt 9] and to monitor
the deterioration of extra virgin olive oil during heating ]10). in the
context of sugar quality control, fluorescence fingerprints have been
used to construct calibration models to describe the color of raw
cane sugar |11] and the physicochemical quality parameters of thick
juice and beet sugar [12],

The presence of small amounts of impurities, such as phenoals,
amino acids, products of their reactions and Inorganic residuals, in
sugar is responsible for its quality. Therefore, their levels should be
monitored. As illustrated in 113], owing to its high sensitivity, fluores-
cence spectroscopy can be used for this purpose.

In this study, the possibilities offered by the robust calibration
technique, called partial robust M-regression (PRM), which enables
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the color and purity of sugar to be controlled on the basis of the exci-
tation-emission (luorescence fingerprints, were examined. It is
argued that in the field of PAT, robust modeling techniques are highly
desirable because process data may contain outlying samples due to
new sources of variation, e.g. unstable process conditions, changes
in the chemical composition of substrates, etc. The presence of outly-
ing samples in process data affects the construction of all classic cali-
bration models based on the least squares principle |14} Robust
calibration approaches are unaffected by outliers and additionally
they allow outliers to be detected [15]. It is the conviction of the
authors that robust models are valuable tools for PAT and that their
use and role should be popularized and extended.

2. Theory
2.1. Partial least squares regression

The aim of partial least squares regression, PLS, is to describe the
relationship between a set of explanatory variables, X and a response
variable(s) |8). In this study one continuous response variable, y, is
modeled (the so-called PLS-1 variant). Using the PLS approach, it is
possible to construct a calibration model for data containing strongly
correlated variables, This problem is always met when the number of
variables exceeds the number of samples, as in the modeling of spec-
troscopic fingerprints. In order to deal with this issue, during the PLS
modeling explanatory variables are replaced by a number of latent
factors (new variables), T, that maximize covariance with y. The PLS
model can be described as:

X=TF +E m
y=Tq-r=Xb+r @

where X is the data matrix containing m samples and n explanatory
variables, elements of vector q are regression coefficients for fPLS fac-
tors, T, P holds the PLS loadings, E are the differences between the
observed and reconstructed X r are the differences between the ob-
served and predicted y and b is the vector of regression coefficients
for explanatory variables, calculated as:

b- w(p'w)"q 3

where W holds the loadings that maximize the covariance criterion
and P is given as:

P=X'XW 4

22. N-way partial least squares

The N-way partial least squares, N-PLS, is an extension of classic
PLS regression for modeling higher order data arrays |16). The three
way data array. X, of size Ixx K, is first rearranged (unfolded) into
a two-way data matrix of size | x JK and then decomposed into a set
of sg-called triads. Each triad contains one score vector and two
weight vectors. The N-PLS mode! of data array X can be presented as:

T = tWWE (5)

where.i=1,2 .., Lj=12..)and k=12, ... K X is three-way
data array arranged as samples (1) x emission spectra () x excitation
spectra (K), t, are scores, w; and w, are loadings.
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During model construction weight vectors are optimized to obtain
maximal covariance of score vector with response variable:

!
max (cov(t,.y)| min
w,wh ; o

M=

(R tash whe) ) ®)

~

al

where y is response variable with dimensions (1x1), t, are N-PLS
scores (Ix1), w), (Jx1) and w¥ (Kx 1) are N-PLS weight vectors for
the ath model factor.

The number of factors can be selected using for example the leave-
one-out cross-validation procedure.

23. Robust variant of the partial least squares regression

The goal of partial robust M-regression, PRM, is to describe the
relationship represented by the majority of data between the explan-
atory variables and a response variable [17]. In PRM a weighting
scheme is introduced in order to reduce the negative influence of out-
lying objects on the estimates of regression coefficients. The global
weights, which are a product of leverage, g/, and residual weights,
& for objects are estimated iteratively. The leverage weight of the
ith object is defined as:

- (1t;— L1 med(T) |
& ""(ﬁinq—ﬂm mu.c) M
and
1
(2.€) = ——= g
MR ®

where ||@|| is the Euclidean norm, ¢, are the f PLS scores of the ith ob-
ject, ‘Limed' is the L1-median robust estimator of the data center
[18], w is the weighting function called the “Fair” function and ¢ is a
tuning constant (in most applications c=4) [19}.

The residual weight of the ith object is given by the following ex-
pression:

’_ n
& _‘b(“m\n' ) @

where r; are the squared diflerences between the observed and pre-
dicted response value of the ith object, Ouap is the robust estimator
of the data scale expressed as the median of absolute deviation
around the median [19]:

Opmap = m‘ed lr,— mled (rj)l (10)
where ‘med’ is the median estimator of data center.

The PRM model is built iteratively. The weights of objects are
recalculated until the algorithm's convergence is reached, i.e. when
the difference between the norms of the regression coefficients of
the PRM factors in two subsequent steps is relatively small, e.g.
10~ 2, The PRM model is constructed in the following steps:

0. Prior to construction of the PRM model, X is centered using either
the coordinatewise median or L1-median, whereas response vari-
able y is centered using the median. Initialize leverage and residu-
al weights (see Egs. (7) and {10)) and calculate square root of
their product (global weights).

1. Build the classic PLS-1 model for weighted rows of X and weighted
elements of y using the global weights,

2. Compure residuals from the model for each object, r,, using the
actual PLS model and update global weights according to
Eqgs. (7)-(10).

3. Return to step (1) until convergence is achieved.
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Initialization of leverage and residual weights is an important step
that has an effect on method convergence. Initial estimates of leverage
weights can be found according to Eq. (7) by replacing the PRM scores
with explanatory variables and Eg. (8). Initial residual weights can be
estimated using Eq. (9)., where residuals are substituted by centered
elements of the response variable around median and then Eq. (8).

The PRM method is one example of a robust variant of the classic
PLS-1 method. More robust calibration techniques are presented and
discussed in [20-23). Compared to other robust variants of PLS, PRM
has a high computational speed and withstands a relatively large
number of outliers [19].

22.1. Identification of outliers/studying outlying character of objects

Once the PRM model is constructed and using its parameters, it is
possible to identify outlying objects in a calibration set (and test set, if
deemed necessary) and/or to find ourt reason for their outlyingness.
For objects from the calibration set, their robust standardized dis-
tances in the model space of f PRM latent factors, df and standardized
residuals, d] are evaluated:

___lig—Limed(D)]| (1)
! Oge (/! —LImed(T)|[) ’
d',=|r,»—med(r)| a2)

(Tga(r)
where (7y, is the robust Qn estimator of the data scale [19].

For both distances, dF and d], the cutoff values are defined by as-
suming normal distribution of data majority. The cutoff values divide
the model space into four regions containing different types of
objects. They can be visualized in a so-called distance-distance plot,
presented in Fig. 1, where the standardized residual distances of ob-
jects are plotted versus their standardized leverage distances. With
respect to df and df one can distinguish among three types of outlying
objects: bad leverage objects (with long leverage distances, ie. locat-
ed far away in the PRM model space from data center and with long
residual distances). high residual objects (with long residual dis-
tances and short leverage distances) and good leverage objects
(with long leverage distances but short residual distances). By setting
the cutoff value to 3. it is expected that 99.9% of objects will have df
and dj distances shorter than the cutoff value.

In order to rapidly grasp why objects from the model set are out-
lying. one can inspect leverage and residual weights of the PRM
model simultaneously (using a plot similar to the distance-distance
plot). Depending on the weight type, a large magnitude indicates

6 T v -

55
5
45
4} high residual objects bad leverage objects 9
as 4
3

25}

Standarized residuals

regular objects good laversge objecis

1 2 3 s s e
Standarized distances In space of PRM model

Fig. 1. Example of a distance-distance piot for the robust partial least syuares model.
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the outlying character of an object in the model space and/or with
respect to the model fit (residuals).

In relation to objects from test set, it is also possible to find out the
reason for their outlyingness by evaluating the respective residuals
and PRM scores. For this purpose, test set objects are projected into
the PRM model space in order to obtain their scores and then robust
distances (assuming weights for the test samples equal to one). How-
ever, it should be emphasized that diagnostics of outlying objects in a
test set using the distance-distance plot can provide some insight
only at the stage of robust model construction, i.e. response values
are available for objects from test set (e.g, after splitting the available
data into model and test sets).

The final PRM model is constructed when the algorithm's conver-
gence is achieved. Then, the weights for all objects are established and
influence of outlying objects on the model is reduced. Although the
final PRM model is optimal, it is also possible to discard outliers using
the distance-distance plot to construct the final model using the classic
PLS approach. This step can be regarded as fine tuning the final calibra-
tion model, since with the classic PLS model more efficient estimates
of the regression coefficient are derived as compared to PRM.

2.4, Selection of the model set

Construction of any calibration starts with the selection of model
and test sets. Objects in the model set are used for construction of
the model and samples from the test set for validation of the model.
Construction of a reliable calibration model - with good prediction
properties - requires uniform sampling of the experimental domain
as well as including all of the sources of data variation into the
mode] set [24]. There are several effident uniform subset selection
algorithms well suited for this purpose |24). Among the most popular
ones are the Kennard and Stone (K&S) and the Duplex algorithms
[25.26}. In both algorithms, samples are selected into a model set on
the basis of the maximal dissimilarity among samples scored using
the Euclidean distance. In the context of calibration, the main advan-
tage of the Duplex algorithm over K&S is that the model and test sets
are representative {(i.e. samples in the model and test sets are uni-
formly scattered over the experimental domain),

2.5. Selection of model complexity and scoring its prediction ability

One of the most impartant steps during the construction of the
calibration model is the choice of the optimal number of latent fac-
tors, f, which is frequently supported by using the cross-validation
procedure (CV) [27]. During cross-validation, a subset of p objects is
removed from the data and these objects form the test set. A calibra-
tion model is created for the remaining objects and the root mean
square error of cross-validation, RMSECV, is calculated for the test
set objects. The procedure is repeated and the next subset of objects
is removed from the data for which a number of models with an
increasing number of latent factors are constructed. This is done
until all possibilities for the construction of the subsets are exhausted.
For each latent factor, the corresponding RMSECV is reported as an
average value and calculated as:

RMSECV() = (| 15 (-3, (a3)
\PrS

where, y; is the experimental value of the response variable and y; is
the predicted value of the response variable.

There are different variants of the cross-validation procedure, e.g.
the leave-one-out cross-validation (LOOCV). the leave-more-out
cross-validation (LMOCV) and the Monte Cafo cross-validation
(MCCV). LOOCV is the most popular approach; however, LMOCV or
MCCV are recommended since they provide more accurate estimates
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of a model's complexity [28.29]. MCCV and LOOCV were used in this
study in order to obtain robust estimates of RMSECV (for PRM) and
to evaluate the complexity of N-PLS. To construct robust estimates
of RMSECV, the trimming procedure was used |17]. Assuming that
some objects are outllers (eg 5%), they have large residuals from
the robust model and as a result they significantly affect estimates
of RMSECV. Therefore, an a priori defined fraction of outliers is omit-
ted during the calculation of RMSECV. Root mean square error
{RMSE) and root mean square error of prediction {RMSEP) describing
the fit and prediction properties of a calibration model, respectively,
are defined as:

RMSE() = ,]%i oo a4
il
Rwsepyn = L3 (501 1s)
\m‘ o i '

where, m is the number of samples in the model set (or the number of
samples in the model set after trimming), m; is the number of sam-
ples in the test set (or the number of samples in the test set after trim-
ming), y! is the experimental response value and y! is the predicted
response value from the mode] with f latent factors for the ith object
from the test set.

3. Data set and data pretreatement

The advantages of robust calibration for the quality control are
demonstrated on the process data describing production of sugar
130). They were collected by process sampling (during 8-haur shifts)
at a Scandinavian plant. During one 3-month campaign in late au-
tumn 268 sugar samples were collected from a centrifuge (the final
step of the process). Each sample was dissolved in un-buffered
water (2.25g/15 mi), placed in a 10x 10 mm cuvette and fluores-
cence spectra were measured using a PE LS508 spectrofluorometer.
The emission spectra were recorded from 275 to 560 nm in 0.5 nmin-
tervals (571 wavelengths) at seven excitation wavelengths (230, 240,
255, 290, 305, 325 and 340 nm). In addition to the fluorescence spec-
tra, the ash content and color were determined for each sample, Ash
content was determined using conductometry by reflecting the total
amount of inorganic impurities in the refined sugar expressed as
mass percentages of sample. The color of a sample (membrane-
filtered solution of sugar adjusted to pH = 7) was described by the ab-
sorption observed at 420 nm.

Sugar fluorescence landscapes had a relatively high signal to noise
ratio. Therefore, neither noise elimination nor baseline correction of
signals was necessary.

To present the benefits of robust calibration, outliers were kept in
the data, in contrast to the strategy presented in | 14]. Prior to PLS and
PRM modeling. luorescence landscapes were unfolded, as is shown in
Fig. 2. For the N-PLS model, fluorescence landscapes were arranged as
a three-way data array with dimensions samples x emission spectro x
excitation specira.

As illustrated in Fig. 2, emission spectra obtained using excitation
wavelengths 230, 240 255 and 290 nm contain the Rayleigh scatter-
ing. This effect does not reinfarce models, therefore prior to construc-
tion of PLS and PRM models these parts of spectra were removed,
whereas for N-PLS they were substituted with missing values (NaN).

4. Methods

The calibration models presented in this paper were constructed
using freely available toolboxes developed for MATLAB: the TOMCAT
toolbax |31] and the N-way toolbox |32].
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Fig. 2. Unfolded fluorescence eacilation-emission spectra of sugar samples collected
every cight hours (excitation wavelengths are mdicated &1 the top of each emission
spectrmm).

S. Results and discussion

QOne of the first steps in data modeling is the selection of the model
and test sets from the available data. This is done when designing a
calibration domain is impossible. In the literature, different ap-
proaches are discussed [24)]. For instance, samples to model and test
sets are sometimes selected randomly, but with a limited opportunity
to guarantee the representativeness of a model set. Another possibil-
ity is 1o design a model set uniformly using the Kennard and Stone al-
gorithm {26). This allows all samples with unique characteristics (all
potential outlying objects) to be included into 3 model set, whereas
the remaining ones serve as test samples. Such a model set is repre-
sentative, in contrast to the test set. Therefore, the final calibration
model usually has a better fit (small RMSE) than its prediction error
for new samples. Possibly the best way to design model and test
sets. and as a result to obtain reliable estimates of a model's fit and
its prediction, is ro select samples for the model and test sets uniform-
ly using the Duplex algorithm because both sets will be representa-
tive (potential outliers will be present in the model and test sets).
In this study. the Duplex algorithm was used to split samples, which
were described by unfolded fluorescence landscapes (except the
input data to N-PLS). Each set contained a total of 134 samples. Two
response variables, namely color and ash content in sugar samples,
were modeled, using different multivariate calibration techniques.
To compare the fit and prediction properties of models, they were
constructed for the same model and test sets.

Firstly, the PLS method was chosen as the standard chemometric
maodeling approach to model the color and ash content of sugar sam-
ples. The optimal number of latent variables to construct a model was
evaluated using the MCCV approach. The prediction ability of models
with an increasing complexity was obtained as an average of the pre-
diction errors for models with a given number of latent variables. In
the MCCV course, 114 out of 134 samples were drawn randomly
268 times. For these samples PLS models with an increasing number
of latent variables were built and their prediction errors were evalu-
ated for 20 test samples in order to obtain estimates of RMSECV. In
Fig. 3a and b, two PLS madels for the color and ash content are visu-
alized as the observed vs. predicted response. When modeling sugar
color, six latent variables were determined to be the optimal model
complexity leading to RMSE equal to 1.678 and RMSEP equal to
1.858. Bearing in mind the calibration range of a response variable,
these two etrors correspond to 5.08% and 5.63%, respectively.

When modeling the ash content in samples, six latent variables
were needed to reach the minimal prediction error of the PLS
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model. fts RMSE is equal to 1.508 (5.59%) and RMSEP equals to 1.535
(5.48%).

The fluorescence Landscapes of sugar samples are two-way signals
and thus for a number of samples they can be arranged as a three-way
data ammay with dimensions samplesx emission spectra x excitation
spectra. Due to the specific data structure, ore can possibly profit
from data trilinearity and enhance modeling results compared to
the results of modeling obtained from the classic PLS constructed
for unfolded excitation-emission signals. This can be supported
using the N-way variant of the PLS method — N-PLS [16].
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The N-PLS modet for color had complexity seven as was suggested
in the course of the LOOCV procedure. The RMS of the N-PLS model
was equal to 1.975 (5.98% of the response range) and RMSEP equals
1.784 (5.41% of response range).

The optimal complexity for the N-PLS model for ash content was
four. The RMSE and RMSEP values obtained for that model were
equal to 2.395 (8.55%) and 1.996 (7.13%). Both N-PLS modeis are pre-
sented in Fig. 3 as the predicted versus the observed response values
for color and ash content. Comparing Fig. 3¢ and d, which illustrate
the fit and prediction errors of the models, it can be concluded that
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Table 1

Root mean square error of calibration (RMSE) and root mean square error of prediction
(RMSEP) for partial least squares regression {PLS), partial robust M-regression (PRM)
with 5% irimming and N-way partial least squares regression (N-PLS) built for color
and ash content. Error values writren in italics correspand to the calibration models
obtained after removing seven objects with the highest residuals observed in the
PRM models from the calibration and test sets. Errors expressed as a percentage
were computed with respect to the calibration range of a given respanse variables.

Model  Color Ash content
[ RMSE RMSEP {f RMSE RMSEP
PLS 6 1.678 (5.08%) 1B58(563X) 6 1508(5.59%) 1535 (5.48%)
1214 (3.68%) . 1.172 (355%) 1.302 (4.65%) 1254 (4.44%)
N-PLS 7 1975(598X) 1.764 (541%) 4 2.395(855%) 1996 (7.13%)
1241 (3.763) 1.183 (3583) 1.839 (6.67%) 1.605 (5.73%)
PRM 5 147 (348%) 1071 (324%) 9 1.056(3.77%) 1225 (437%)

for the data being studied the N-PLS technique does not outperform
classic PLS models.

On the other hand, in Fig. 3a-d a few suspicious objects (located far
away from the majority of the calibration samples) can be spotted.
Such objects can affect the construction of classic calibration models.
Robust modeling was carried out in order to verify their influence on
the calibration model and 1o potentially improve the models. In this
study. the PRM technique was used as a robust modeling approach.
The PRM models for color and ash content are presented in
Fig. 3¢ and [. In order to obtain robust estimates of error (estimates
not affected by the presence of outlying objects in calibration data),

(a)
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the trimming procedure was applied, assuming that at most 5% of out-
liers are expected in data. The optimal number of latent factors for the
PRM models was determined using the MCCV procedure. Five latent
factors were required to model color and to lead to the best fit and
prediction properties. The fit and prediction errors are equal to 1.147
and 1.071, respectively. They are substantially lower than the errors
obtained for the corresponding PLS and N-PLS models. According to
the calibration range of a response variable, they account for 3.48%
and 3.24% of error (see Table 1). Nine latent factors were found to be
the optimal complexity of the PRM model for calibrating the ash con-
tent in sugar samples. The fit and prediction errors obtained for that
model were equal to 1.056 (3.77%) and 1.225 (4.37%), respectively.
As is shown in Table 1, the fit and prediction errors of the robust
model are significantly lower than those obtained from PLS and N-PLS.

In order to compare the results of modeling for the classic and ro-
bust techniques, PLS and N-PLS models were again constructed for
the model and test sets without the 7 objects with the largest resid-
uals from the PRM model (the PLS and N-PLS models have the same
complexity as before). The fit and prediction errors of the models
are reported in Table 1 in italics. The PLS and N-PLS models for cali-
brating color are comparable to the PRM model. The PLS model
constructed for the ash content, which is similar to PRM and N-PLS,
has the highest error from all models. Therefore, for the data being
studied taking into account their trilinear structure does not consid-
erably improve the modeling result,

The PRM approach allows for the straightforward identification
of outlying objects in a calibration set. It is performed using the

(b)
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Table 2

Root mean square error of calibration (RMSE), root mean square error of prediction
(RMSEP) and ervurs expressed as a percentage of the response varlable range fos partial
least squares regression (PLS) created for color and ash content on the basis of exclta-
tion-emission luorescence landscapes and selected emission spectra for 230 and
290 nm excitation wavelengths for color and ash content, respectively.

Modeled property Color Ash conrent

Type of data Landscape 230 om Landscape 290 nm

r 6 H 6 4

RMSE 1.678 1.698 1508 2012
5.08% S.t4% 5.59% 8.04%

RMSEP 1858 2,194 1535 1879
5.63% 6.65% 5.48% 7.51%

distance—distance plot, which presents the standardized leverage and
residual distances computed using parameters of a robust model. In
this study. the cutoff values for both distances were set to three as
was explained in the Theory section.

The PRM model with five latent factors built for color was used to
detect outlying objects in the calibration set. In Fig. 4a and b, the dis-
tance-distance plots for the model and test set samples are pre-
sented, respectively. As is indicated in the figure one bad leverage
object is revealed in the model set (object no. 131). Seven objects
nos. 46, 67, 92, 95, 96, 132 and 180 are high residual objects for the
model set. There is also one good leverage object because its residual
distance is small; however, its leverage distance is high. It Is object no.
71. It potentially extends the calibration range but has no influence on
the construction of classic models such as PLS and N-PLS. As can be
seen in Fig. 4b, the test set also contained some objects that exceeded
the cutoff values.

The distance-distance plots obtained from the PRM model [or ash
content (with nine latent factors) reveal one bad leverage object in
the model set (object no. 71). This has a significant influence on clas-
sic calibration models (see Fig. 4c). Moreover, one can spot a few
good leverage objects in the model set. The distance-distance plot
constructed for the test set exhibits three outlying objects nos. 129,
162 and 171 (see Fig. 4d).

In order to identify the characteristic excitation wavelength that
can provide a suitable spectrum for calibration purposes, PLS models
for each emission spectrum observed at a given excitation wave-
length for the color and ash content were constructed. Characteristic
excitation wavelengths were selected according to the optimal RMSE
and RMSEP values obtained from a model for a calibrated property. A
satisfactory PLS model for color was built using the emission spec-
trum corresponding to the excitation wavelength at 230 nm, whereas
for the ash content it was the emission spectrum observed at the
excitation wavelength 290 nm. As can be observed by the results
presented in Table 2, both PLS models (with two and four latent
variables, respectively), are comparable to the PLS models con-
structed for the unfolded fluorescence landscapes.

& Conclusions

The aim of this paper was to highlight the advantages of the robust
calibration technique (PRM) used for monitoring sugar production.
To achieve this goal, different calibration models - classic and robust -
were built and compared for excitation-emission fluorescence land-
scapes. The prediction errors of the constructed models, given in per-
centages relative to the total range of response variable, were equal
10 3.24% and 4.37% for the color and ash content, respectively. it
was confirmed that the sugar production process can be monitored
using multivariate calibration models and fiuorescence signals and
that robust modeling has great potential in the control of real pro-
cesses. The results obtained from PLS, N-PLS and PRM indicate that
robust PLS models are stable against new sources of variation and
have better prediction properties than PLS and N-PLS. The PRM
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maodels allow for the direct processing of data containing outlying ob-
jects. Therefore, identification of outliers prior to the construction of a
PRM model is unnecessary. In addition, it is possible to select charac-
teristic excitation wavelengths and use the corresponding emission
spectra for modeling for the purpose of monitoring.
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wspbitworzeniu hipotezy badawczej i ogdinej koncepcji badar,

zapewnieniu nadzoru merytorycznego w tym pomocy w interpretacji  wynikéw
i weryfikacji wyciggni¢tych przez doktorantk¢ wnioskéw z przeprowadzonych badan,
opiece i merytorycznym nadzorze podczas przygotowania manuskryptu zgodnie z
wymaganiami czasopisma Chemometrics and Intelligent Laboratory Systems,

pomocy w procedurze redakcyjnej (tj. pomocy w zlozeniu artykwtu do recenzji oraz
przygotowaniu odpowiedzi na uzyskane recenzje),

dokonaniu ostatecznej korekty artykutu.
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Metoda réwnoczesnego oznaczania Solvent Yellow 124 i Solvent Red 19 w oleju
napedowym z wykorzystaniem spektroskopii fluorescencyjnej i chemometrii

Tytul oryginalny: Simultaneous determination of Solvent Yellow 124 and Solvent Red 19
in diesel oil using fluorescence spectroscopy and chemometrics

Autorzy: Joanna Orzet
Michat Daszykowski
Ireneusz Grabowski
Grzegorz Zaleszczyk
Mirostaw Sznajder
Beata Walczak

Czasopismo: Talanta

Rok wydania: 2012

Tom: 101
Strony: 78 — 84
Wartosé

wspotczynnika
Impact Factor : 3,498

W publikacji II opisalam opracowang przeze mnie metodyke analityczng umozliwiajaca
ocen¢ zawartosci komponentow fiskalnych (znacznika — Solvent Yellow 124 i barwnika
Solvent Red 19) wprowadzanych do oleju napgdowego o obnizonym podatku akcyzowym.
Fluorescencyjne obrazy probek oleju napgdowego zawierajacych zréznicowane zawartosci
komponentow fiskalnych wykorzystatam do konstrukcji modeli kalibracyjnych (wybrane
metody kalibracji: PLS i N-PLS) umozliwiajacych oceng zawartosci wybranych sktadnikéw
bez wczesniejszego przygotowywania probki do analizy. Metodyka charakteryzuje sig¢
satysfakcjonujacymi wartosciami granic wykrywalnosci dla obydwu komponentéw
(odpowiednio 0,042 mg - L' dla znacznika oraz 0,048 mg * L' dla barwnika) oraz
warto$ciami wzglednego odchylenia standardowego dla obydwu analitow ponizej 3,4%.

Ze wzgledu na potrzebg tego typu rozwigzan i wysokie prawdopodobienstwo aplikacji
proponowanego rozwigzania w badaniach rutynowych, zostalo ono zgloszone do ochrony
patentowej — zgloszenie nr P.339194, data zgloszenia 16.05.2012 r., tytul zgloszenia: Sposob
rownoczesnego lub pojedynczego oznaczania zawartosci znacznika Solvent Yellow 124
i barwnika Solvent Red 19 lub Solvent Red 164 lub Solvent Blue 35 w oleju napedowym.
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ABSTRACT

Differences in tax levels for diesel oil stimulate the illegal removal of characteristic diazo compounds
purposely added to designate its possible usage. In order to reduce the losses in the national income,
there is a strong need to develop a sensitive and cost-efTeclive analytical procedure for the detection of
this illegal action. In this study, we describe a novel analytical approach for a qualitative and
guantitative determination of two diazo compounds (Solvent Yellow 124 and Solvent Red 19) that
are usually added to diesel oil. The methodology proposed combines the use of excitation-emisslon
matrix fluorescence spectroscopy as an analytical technique and partial least squares regression as a
multiple modeling tool. With this new methodology, relatively low root mean square errors of
prediction (for independent set of test samples) that are equal to 0.223 for Solvent Red 19 and 0.263
for Solvent Yellow 124. were obtained and the results were stable, which were indicated by an analysis
performed after 48 and 96 h. The methodology is also nondestructive and allows for (1) simultaneous
detection of diesel oil additives, (ii) determination of satisfactory limits of detection (0.048 and
0.042 mg L 1 for Solvent Red 19 and Solvent Yellow 124. respectively), and (iii) obtaining of
considerably low relative standard deviations of 2.33% for Solvent Yellow 124 and of 3.23* for Solvent
Red 19 in comparison with the existing norm level.

1. Introduction

Diesel oil is a commonly used fuel for transport, heating, and
agricultural machinery drive purposes. Depending on its usage,
the tax levels are different in many European and American
countries. A low tax fuel (used for heating and agricultural
machinery drive purposes) is spiked with additives which change
its color from yellow to red. The type of additives varies from
country to country, but everywhere a marker and a dye are added
at the stage of oil production. In the European Union countries.
Solvent Yellow 124 (SY124) is acommon marker added to low tax
fuels in concentration levels strictly defined in the range of
6.0mgL '-S.O0mgL-1 |1), Various dyes like Solvent Red 164
(SR164), Solvent Red 19 (SR19), and Solvent Red 26 (SR26) can be
used to ensure the red color of the fuel, but their specific use and
concentration levels are legally regulated in every country. In
Poland. SR164 and SRI9 dyes are added interchangeably in diesel
oil and their concentration levels must be higher than 6.6 mgL 1

Patrnr pending.
* Corresponding aurhor.
E-mail address: nidaszykiPus.cdu.pl (M. Daszykowski).

0039-9140/S-see front matter ¢ 2012 Elsevier B.V. All rights reserved.
http://dx.doi.org/10.1016/j.talanta.2012.08.031

© 2012 Elsevier B.V. All rights reserved.

and 6.3 mgL"". respectively, while the concentration of Solvent
Yellow 124 is regulated by the European Norm [2],

Several analytical procedures for the determination of the dye
and marker in different types of oils have been described in other
literature. In 2004, a validated procedure for determination of
SY124 in gas oil and kerosene was introduced as the EU reference
method [3]. The method is based on high performance liquid
chromatography (HPLC) determination of SY124 spiked with
different dyes. Another procedure for simultaneous quantitative
determination of both SY124 and SR19 (a dye used in Poland and
other European countries) in fuel has been developed [4]. How-
ever, it requires the separation of the reagents of interest with the
HPLC technique before their qualitative or quantitative determi-
nation with UV-vis or diode array (DAD) detector. Recently, a
method for detection of SRI64 in vehicle exhaust has also been
described in [5],

SY124 and diazo compounds SR19, SR164. and SR26, also
known as Sudan dyes, have fluorescence properties since their
molecules contain aromatic rings and coupled double bonds.
Chen et al. have proposed [6] the use of conventional fluorescence
spectroscopy for the determination of the Sudan IV dye in food
samples. Traditionally, either the maximum intensity of the
emission spectrum or the emission spectrum in a selected range
of wavelengths is recorded at a single excitation wavelength
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characteristic for the analyzed fluorophor. This method of analysis
may be preferred when the concentration of one (luorophor is to be
determined or when the mixture being analyzed contains only a
limited number of compounds with [luorescence properties and a
quenching effect is not to be expected. In this context, the simulta-
neous determination of the dye and marker introduced in diesel oil,
which may contain many other fluorophors, by the conventional
fluorescence spectroscopy can be a difficult task This task is further
complicated by the fact that the fluorophors of interest have different
characteristic excitation and emission ranges.

Excitation-emission fluorescence spectroscopy allows for the
simultaneous collecting of excitation and emission spectra of
samples. A sample is described by a two-dimensional signal that
contains peaks from all excited fluorophors. All two-dimensional
signals collected for a set of samples form a complex three-way
data (third-order tensor) of dimensions: samples x excitation
wavelengths x emission wavelengths. Such a type of data follows
the tritinear or parallel factor analysis (PARAFAC) model. Con-
struction of multivariate or multi-way calibration models [7-10]
offers the possibility to simultaneously determining the dye and
marker that were added to diesel oil when the samples contain
many constituents that are not of interest. This is the so-called
second-order advantage [10-12). In general, the calibration mod-
els using the unfolded second-order data for a sample are to be
preferred when the analyte-background interactions or changes
in spectral properties of samples are examined [11].

The aim of this work is to develop a new analytical approach for
the simultaneous determination of SY124 and SR19 in diesel oil
without any sample preparation. For this purpose, the excitation-
emission fluorescence spectrascopy is used as the analytical tech-
nique and the results of two calibration methods, e.g. partial least
squares regression and N-way partial least squares regression, are
compared [13] for the studied problem.

2. Materials and methods
2.1. Samples preparation

Diesel oil was purchased from a local gas station, while SY124
(98.0% purity) was obtained from Sigma-Aldrich. A stock solution
was prepared by dissolving 5 mg of SY124 in 50 mL of diesel oil,
while 5 mg of SR19 (obtained from 1BPO Poland, 92.3% purity)
was dissolved in 50 mL diesel oil in order to obtain a stock
solution of SR19. The SR19 and SY124 stock solutions were mixed
so that the concentration of each reagent in the mixture was
varied in the range of 0-10mgL '. A total of 20 mixture
combinations were considered (see Fig. 1). Three samples were
prepared (three laboratory replicates) for each mixture combina-
tion (for example 8 mgL~"' of SR19 and 4 mgL "' of SY124, see
Fig. 1), and for each of them the EEM fluorescence spectroscopy
measurements were repeated three times (technical replicates).
Thus, a total of 180 EEM fluorescence images were registered, The
scheme of the experimental deign is shown in Fig. 1.

To determine the limits of detection and quantification, nine
laboratory replicates containing SY124 at a concentration level of
2x 10" mg L~ and nine laboratory replicates containing SR19 at a
level of 2x 102 mgL"' were additionally prepared. Repeatability
was evaluated using a set of 18 samples at three concentration levels
(4,5,and 6 mg L~ '). Three solutions at each concentration level were
prepared for SY124 (a total of 9 samples) and the same number of
solutions at the same concentration levels were prepared for SR19
(9 samples) The measurements were performed immediately after
sample preparation. In order to evaluate the stability of the measure-
ment results over time, 18 samples (used for testing the repeatability)
were analyzed after 48 and 96 h.
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22. Fluorescence measurements

A Carry Eclipse Varian FLO811MO000 spectrofluorometer with
right angle geometry was used to perform the measurements. The
emission spectra were registered in a 2 nm interval from 350 to
800 nm (226 wavelengths) at 46 excitation wavelengths selected
in a 10nm interval in the range of 250-700 nm. Detector
sensitivity was set to 500 V and the excitation and emission slits
were set to 5 nm. Raw spectral data were subjected to a further
chemometric analysis and modeling.

2.3. Preprocessing of fluorescence signals

One of the most important preprocessing steps when working
with fluorescence signals is the correction of Rayleigh scattering.
which is chemically irrelevant. Different approaches for scattering
correction have been described in the literature. The matrix
elements corresponding to the spectral regions with the Rayleigh
scattering can be (i) replaced with zeros [14.15], (ii) treated as
missing values [16], or (iii) removed and the missing elements of
the signal can be interpolated in different possible ways [17,18).
In this paper the scattering effect was removed and the signals
were interpolated by the Delaunay triangulation (17].

2.4. Modeling of excitation-emission data

24.1. Partial least squares regression

Partial least squares regression, PLS, is a popular chemometric
tool used to construct multivariate calibration models. The aim of
the multiple PLS regression is to describe the relationship
between a set of explanatory variables, X (a set of matricized
EEM images as: samples x (excitation wavelengths x emission
wavelengths)) and a response variable, y (a marker or a dye
concentration) [13]. In other words, the original strongly corre-
lated spectral signals are replaced by a small number of latent
factors (new variables), T. for which the maximum covariance
with the modeled property. y. is observed. The PLS-1 model can
be described in the following way:

X=TP" +E 5

y=Tq+r @)

where X(I x K) is the matricized form of the data, vector q(fx 1)
holds the regression coefficients for f PLS factors, T(I x f), the elements
of P(JK x f) matrix the PLS loading values, matrix E(l x JK) holds the
differences between the observed and predicted X with f PLS factors
and the residual vector r{l x 1) contains the differences between the
observed and predicted y(I x 1) values.

2.4.2. N-way partial least squares

The N-way partial least squares, N-PLS, is a generalization of
the classic PLS regression for higher order data arrays [19]. In the
course of the model construction, three-way data array, X, of size
Ix])xK (e.g. samples x excitation wavelengths x emission wave-
lengths), is decomposed into new variables (the so-called triads).
The number of the new variables constituting the triads depends
on the dimensionality of modeled data.

Prior to modeling, the three-way array is metricized into a data
matrix. For the data matrix, X' /%, of size 1 x JK, where I is the
number of samples, ] is the number excitation wavelengths, and K
is the number of emission wavelengths, the decomposition can be
presented as follows:

X=HW| o W +E 3)

where X(I x JK) is the matricized form of the data, H(I x f) is the
score matrix, W and W¥* are the respective loading matrices for
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Fig. 1. Design of the experiment with respect to concentrations of a marker compound (Solvent Yellow 124. SY124) and a dye compound (Solvent Red 19. SRI9).

the excitation mode and the emission mode, E(l xJK) is the error
matrix. The symbol |®] denotes the Khatri Rao product |20].

The construction of triads is optimized in order to maximize
the covariance between H and y. Calibration models are con-
structed using the new variables. A more detailed description of
the N-PLS method can be found in f19].

25. The complexity of regression models

The number of new variables (factors) used for the model's
construction is called the complexity of the model,/. To determine
the optimal complexity a cross-validation procedure is usually
used [211 At each step of the validation procedure either a sample
or a subset of p samples (a validation set) is removed from the

data and PLS models with increasing complexity are built for the
remaining samples (a model set). Then, a prediction is performed
for the removed samples based on the model set The procedure is
repeated for the next subset of p objects removed from the data,
while all possible subsets are not considered when validating the
models with an increasing complexity. The root mean square
error of cross-validation, RMSECV, is calculated as a measure of
the model’s performance using the following equation:

RMSECV)/) = 1 @

wherey < is the i-th experimental value of the response variable
removed during the cross-validation procedure. y_V1 is the i-th
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predicted value of the removed response variable using the PLS
model with f latent factors and m is the number of objects in the
model set.

The optimal PLS model is the one characterized by the lowest
or acceptable RMSCV. The choice of p in the leave-p-out cross-
validation scheme depends on the user and data dimensionality.
The Monte Carlo cross-validation procedure is a cross-validation
scheme where the validation set of samples is selected randomly
from the model set [22]. In our study, during the cross-validation
procedure all of the technical replicates were included in the
same validation set of samples (a cancelation group). Once a
calibration model of a definite complexity is constructed, its fit is
scored by the root mean square error (RMSE):

18 .
RMSE= | — —? 5
\ m‘_Zlor. 3y )

where y; is the i-th experimental response value, y;is the i-th
predicted response value using the model of definite factors and
m is the number of samples in the model set.

The prediction properties of the constructed model are eval-
uated on the basis of an independent test set (dataset that was
not used for the model's construction) and expressed as root
mean square error of prediction (RMSEP):

m,
RMSEP = 7,,1—,20'5-5’:)2 )
i=1

where y{ and j': are the i-th experimental and i-th predicted
response value for the i-th independent test sample using the
calibration model of a definite complexity and m, is the number of
independent test samples.

2.6. Software

All calculations were performed within the MATLAB environ-
ment. PLS models were constructed using the freely available
TOMCAT toolbox [23). The algorithm for scattering correction
described in [17] was used. The N-way Toolbox (version 3.1) [24])
was adopted to construct N-PLS models.

3. Results and discussion

The raw spectra collected were characterized by a relatively
high signal-to-noise ratio and therefore, neither a noise correction
nor baseline elimination was performed.

The characteristic Rayleigh scattering was observed for the
samples examined, e.g. samples of a clean diesel oil without
additives, an oil with the SY124 marker, an oil with SR19 dye and
an oil spiked with both the SY124 marker and the SR19 dye.
Fig. 2a displays the scattering effect as a diagonal line of peaks
starting at the wavelength of 350 nm. As was mentioned earlier,
the Rayleigh scattering is a chemically irrelevant component and
should be removed prior to the models’ construction (the first
step of the raw data preprocessing). The correction procedure
used in this article consists of detecting the maxima of the
Rayleigh scattering peaks followed by counting the number of
sampling points with the scattering effect and replacing the
values of the sampling points with a scattering effect with values
interpolated using the Delaunay triangulation [25). For our
dataset, it was found that seven sampling points on the left side
and seven sampling points on the right side of the detected
maxima were sufficient to handle the scattering effect in all EEM
fluorescence images. A contour map of the EEM fluorescence
image obtained from a pure diesel oil sample after removing the
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Rayleigh scattering is presented in Fig. 2b. It should be empha-
sized that only meaningful spectra were considered, e.g. the
spectra for each sample were recorded so that the lower emission
wavelength level was at least equal to the lower excitation
wavelength level.

3.1. Construction of PLS models for SR19 and SY124

Prior to the construction of the multiple PLS models, the EEM
data containing 180 excitation-emission spectra were unfolded in
the form of spectra x (emission wavelengths x excitation wave-
lengths). Then, model and test sets were selected. The PLS model
calibrating Solvent Yellow 124 was built using 117 spectra (model
set) describing samples with analyte concentration at levels of 0,
5,7, and 10 mg L~ '. The remaining 63 spectra (i.e. samples with
SY124 concentrations equal t0 2, 4, and 9mg L ') formed the test
set. To construct model for calibration of Solvent Red 19 spectra
were divided into a model set containing 108 spectra (EEMs of
samples with concentrations of SR19 equal to 0, 3, 5, 7, and
10mgL-', respectively) and a test set formed by 72 spectra
(containing 2, 5, and 8 x 10 *mg L "' of SR19).

Two individual PLS-1 models were constructed to predict the
concentration of SY124 or SR19, respectively. The Monte Carlo
cross-validation scheme with a validation set of 20 samples
(p=20) was adopted to evaluate the optimal complexity of the
models. At each cross-validation step, 20 samples out of 500 were
randomly selected for the validation set.

Firstly, the PLS-1 model for the prediction of the concentration
of SR19 was constructed. The model with eight latent variables,
presented in Fig. 3a, was considered as the optimal. Its RMSCV
was equal to 0.174. The fit and the prediction properties,
expressed as RMSE and RMSEP, were found to be 0.153 and
0.223, respectively. As indicated in Fig. 3a, the model has similar
variances for the predictions of the model and test set samples
regardless of their concentration levels.

The optimal PLS model obtained for SY124 also contained
eight latent variables. RMSE and RMSEP were equal to 0.229 and
0.263, respectively. Compared to the PLS model constructed for
SR19, a larger scatter of the values predicted for the model and
test set samples was observed. The variances of concentrations
predicted for the model and test set samples are comparable at
different concentration levels (see Fig. 3b).

3.2. Construction of N-PLS models for SR19 and SY124

A possible improvement of the calibration models can be
expected when using N-PLS because of the well-defined three-
linear structure of the excitation-emission data. Therefore, the
N-PLS models were built for the same model and test set samples
(see Section 3.1) as those used to construct the conventional PLS-
1 models on the metricized data, but the data sets were arranged
as spectra x excitation wavelengths x emission wavelengths. Ortho-
gonality constraint was not considered for any of the modes. Two
N-PLS models, each of which had 10 latent variables, were used
for the prediction of the concentrations for SR19 and SY124,
respectively.

As indicated in Table 1 and the graphical representation in
Fig. 3d, the N-PLS model and the classic PLS model constructed for
SY124 have virtually the same performance (compare the values
for fit and prediction shown in Table 1). On the other hand, when
modeling SR19, PLS outperforms the N- PLS model (see Table 1
and Fig. 3b and d) and requires a smaller number of latent
variables compared to the N-PLS model.
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Fig. 2. Landscapes of excitatfon-cmlIssion nuirices for purr diesel oil: (a) with the Rayleigh scattering effect and (b) without the Rayleigh scattering effect.

3.3. Figures of merit of PLS models

Considering a good performance of classic PLS models, figures
of merit were calculated as described in ]26,27]. The sensitivity
was calculated as the Inverse of Euclidean norm of vector
containing regression coefficients, and was equal to 13.67 and
11.49 for models describing concentration of SR19 and SY124,
respectively. Selectivity of PLS models was equal to 0.015 for SR19
and 0.036 for SY124.

Next, the ratio between instrumental noise and sensitivity was
calculated for both calibration models. On the basis of the ratios,
limits of detection (LODs) were calculated as the ratio times
3.3 for both analytes (a dye and a marker).

The LOD value of 0.048 mgL~1and 0.042 mgL"'" was obtained
for dye and for marker, respectively. The limits of quantification
(LOQ) were calculated as 10 times the ratio values for both analytes.
The LOQ values were equal 0.144 and 0.126 mgL- 1 for SR19 and
SY124, respectively.

3.4. Analytical validation

Next, the repeatability of the proposed analytical approach
was tested. Predicted mean concentration values, relative stan-
dard deviations (RSD). and the uncertainty for the three concen-
tration levels that were obtained by conventional PLS are shown
in Table 2.
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Fig. 3. Calibration models are presented as y predicted vs. y obsecved for model () and test set samples (2 ). The PLS models of complexity eight for: (a) dye (Solvent Red
19) and (b) marker (Solvent Yellow 124). The N-PLS models of complexity ten for: (c) dye (Solvent Red 19) and (d) marker (Solvent Yellow 124).

Table 1

Fit and prediction properties of calibration models construcied for SR19 and Rep
SY124. PLS models were constructed with eight factors, for N-PLS models
construction 10 factors were used.

Table 2

d method

bility of prop:

95% confidence interval. PLS models were constructed with 8 factors.

from three concentration levels. Mean
values were calculated for three laboratory replicates. uncertainty calculated for

Additive PIS N-PLS Concentration PLS

[mgL-')
RMSE RMSEP RMSE RMSEP sY124 SR19

SR19 0.153 0.223 0.193 0.305 Mean RSD % Mean RSD

SY124 0.229 0.263 0212 0260 [mgL-'] [¥] [(mglL '] [mgL'') (%] [mgL ']
4 3.559 3.14 0341 4.049 133 0164
5 4394 325 0435 5129 124 0194

From the RSD values presented in Table 2, one can conclude [ 6.027 331 0607 6.282 442 0846

that the validated approach for SR19 performs better than the one
for SY124. In the literature (3], the analytical validation of the
HPLC method for Solvent Yellow determination is presented. RSD
(calculated at the level of 6 mg mL- '} and LOD are equal 0.68%
and 0.02 mg mL-’, respectively. The corresponding values for
presented method are 3.14% and 0.048 mgL~' for RSD (at the
same concentration level) and 10D, respectively. The HPLC
method for the dye determination presented in [4] is not
validated thus comparison of the results cannot be compared.
The stability of the results obtained from PLS method was
tested statistically using the measurements performed immedi-
ately after preparation (set as a conditional level of 0 h) and after
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48 and 96 h. The results of the analysis in three 48 h intervals are
presented in Table 3.

Two statistical hypotheses were checked for the dye and
marker concentrations predicted by the conventional PLS method
using F-test. The first hypothesis is that there is no difference in
the variances of the predicted values obtained from PLS for
samples analyzed at a conditional time of 0 h and after 48 h. For
oil samples spiked with a dye the F-value was equal to 1.107,
while a F-value of 0.899 was calculated for the oil samples mixed
with a marker. The p-values calculated for the two-sided F-test
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Table 3

Robustness of proposed method calculated for three concentration levels tested after Oh , 48 h, and 96 h. Mean values were calculated for three laboratory replicates,
uncertalnty calculated for 95% confidence interval. PLS models were constructed with eight factors.

Conceatration (mg° L™ ') Time |h) PLS
SY124 SR19
Mean [mgL-"] RSD [%] + [mglL-'] Mean [mglL-'] RSD (%] + (mgL-’]
4.000 cond, 0 3559 0.164
48 3233 365 0.360 3941 1.92 0.350
96 3410 233 0.242 3917 1.65 0.197
5.000 cond. 0 4394 3.25 0.435 5.129 1.24 0.194
48 4727 3.27 0.471 5.076 3.29 0.663
96 4518 4.37 0505 5017 269 0.564
6.000 cond. 0 6.027 331 0.607 6282 442 0.846
48 5.647 2.26 0.388 6.100 4.21 0.967
96 5.787 4.82 0.849 5.996 3.52 0.644
are 0.9492 and 1.053, respectively. The null hypothesis is rejected Acknowledgment

when the p-values are smaller than a definite significant level
value, a, of 0.01 or 0.05. For the studied case, the null hypothesis
of no significant differences in the two variances calculated for
the PLS predicted values can be accepted for both types of
samples at a level of significance of 0.05. The second null
hypothesis is that there is no difference in the variances of the
predicted values obtained from PLS for the samples analyzed at a
conditional time of 0 h and after 96 h. The values of the estimated
F ratios were 1.154 (p-value of 0.9284) for the samples with the
dye and 0.899 (p-value of 1.053) for the samples mixed with the
marker. Again the null hypothesis can be accepted at a significant
level of 0.05.

Assuming a significant level of 0.05 it can be concluded that
the proposed analytical approach is stable over time (there are no
significant differences in models’ performance) and constructed
calibration models allow for the determination of analytes in
samples after 48 and 96 h with comparable and acceptable error
levels.

4. Conclusions

In this paper, a novel approach combining an excitation-emission
matrix fluorescence spectroscopy as an analytical technique and
partial least squares regression as a multiple modeling tool was
developed to quantitatively and qualitatively determine Solvent Red
19 and Solvent Yellow 124 in diesel oil It is a nondestructive
procedure which does not require expensive reagents and laborious
sample preparation prior to analysis. The results obtained from the
validation procedure give evidence that the approach is stable over
time. These attractive features make the proposed methodology a
potential screening technique that can be used directly at the place
where samples are collected and thus to support the actions of the
customs office and related agencies. Two calibration methods were
evaluated and compared, namely PLS and N-PLS. Calibration models
constructed to predict concentration of SY124 in samples have
comparable fit and prediction properties. Compared to PLS, the
N-PLS model describing content of SR19 was characterized with
higher RMSE and RMSEP values. In our application, the PLS model is
preferred due to its conceptual simplicity. In terms of validation
parameters (RSD and LOD), the HPLC method for 5Y124 determina-
tion performs better than the proposed approach. On the other hand,
simplicity and low cost of fluorescence spectroscopy encourage
its use.

Strona 69

M.D. wishes to express his gratitude to the Minister of Science
and Higher Education of the Polish Republic for funding the
scholarship.

References

(1] European Council Directive 95/60/EC.

{2] European Commission Decision 2003/900/EC.

[3) T. Lisinger, G. Koomen, H. Emteborg, G. Roebben, G. Xramer, A. Lamberty,
Energy Fuels 18 (2004) 1851-1854.

{4] DIN 51430.

15) H.D. Scott, B.W. Wright. Talanta 86 (2011) 148-156.

[6] G.-Q Chen, C.-Q. Ma, Y.-M. Wu, H.J. Liy, 5.-M. Gao, T, Zhu, Determination and
identification of Sudan IV using fluorescence spectrometry and artlficial
neural networks, in: The 4th Inrermational Conference on Information and
Computing, Phuket Island; 25-27 April 2011.

[7) R. Bro. Anal. Chim. Acta 500 (2003) 185-194.

[8] A.C. Olivieri, Anal. Chem. 80 (2008) 5713-5720.

[9] M. Meira, CM. Quintella, A.D.S. Tanajura, H.R.G. Da Silva, ].DS. Fernando,
P.R Da Costa Neto, |.M. Pepe, M.A. Santos, LL Nascimento, Talanta 85 (2011)
430-434.

{10] A.C. Olivieri, G.M. Escandar. A. Munoz de la Pena, Trends Anal. Chem.
30 (2011) 607-617,

[11] M. Culzoni, H.C. Goicoechen. A.P. Pagani, M.A. Cabezon, AC. Ollvieri, Analyst
131 (2006) 718-723.

[12] O. Divya, A.K. Mishra, Appl. Spectrosc. 62 (2008) 753-758.

(13] D.L Massarn, B.G.M. Vandeginste, LM.C. Buydens, S. de Jong P). Lewi,
J. Smey rbeke. Handbook of Ch ics and Quali ics Part A
Elsevier, London, 1992.

114] J. Orzel. M. Daszy
89-96.

[15] LG. Thygesen, A. Rinnan, S. Barsberg. J.KS. Moller, Chemom. Intell. Lab. Syst.
71 (2004) 97-106.

116] G. Tomasi, R. Bro, Chemom. Intell, Lab, Syst. 75 (2005) 163-180.

[17] R.G. Zepp. W.M. Sheldon, M.A. Moran. Mar. Chem. 89 (2004) 15-36.

{18] M. Bahram, R. Bro, C. Stedmon. A, Afkhami, ] Chemometr. 20 (2006) 99-105.

119] R Bro, ). Chemometr. 10 (1996) 47-62.

[20] R. Bro, Multiway Analysis in the Food Industry. Models, Algorithms, and
Applications, Royal Veterinary and Agricultural University Denmark. 1998
Available from:,

[21] T. Naes, T. Isaksson, T. Fearn, T. Davles, A User-friendly Guide to Multivariate
Calibration and Classification. NIR Publications, Chichesrer, 2002.

[22] Q.-5. Xu, Y.-Z Liang, Chemom. Intell. Lab. Syst. 56 (2001) 1-11.

(23] M. Daszykowski, S. Semeels, K. Kaczmarek. P. Van Espen. C. Croux,
B. Walczak, Chemom. Intell. Lab. Syst. 85 (2007) 269-277.

[24] ¢ hetp://www.models. kvl.dk/nwaytoolbox .

{25] C.B. Barber, D.P. Dobkin. H.T. Huhdanpaa, ACM Trans. Math. Softw. 22 {1996)
469-483.

[26] A. Lorber. Anal. Chem. 58 (1986) 1167-1172.

[27} A.C. Olivieri, N.M. Faber, ). Ferre. R. Boque, J.H. Kalivas, H. Mark, Pure Appl,
Chem. 78 (2006) 633-661.

i, B. Walczak, Ch Intell. Lab, Sysi. 110 (2012)



http://www.models.kvl.dk/nwaytoolbox

7. Opublikowane badania wlasne

Katowice, 03.03.2015

dr hab. Michal Daszykowski, prof. US
Instytut Chemii

Uniwersytet $igski

ul. Szkolna 9

40-006 Katowice

O$wiadczam, 2e w artykule pt. Sinmltaneous determination of Solvent Yellow 124 and

Solvent Red 19 in diesel oil using fluorescence spectroscopy and chemometrics,
opublikowanym w cznsopi$mie Talanta 101 (2012) 78-84 mdj udzial polegal na:

wspotpracy podezas formutowania hipotezy badawczej i ogdlnej koncepciji badan,
zapewnieniu nadzoru merylorycznego w lym pomocy w interpretacji  wynikéw
i weryfikacji wyciggnigtych przez doktorantk¢ wnioskow z przeprowadzonych badar,
opicce i merytorycznym nadzorze podczas przygotowania manuskryptu,

uczestnictwie w proccdurze redakcyjnej (1j. pomocy w przygotowaniu odpowiedzi
na recenzje)

dokonaniu ostatecznej korekty artykuhu.

ckal cDZJr%@om&'

Strona 70




7. Opublikowane badania wilasne

Biata Podlaska, 29.09.2014

dr Ireneusz Grabowski

Laboratorium Celne

Izba Celna w Bialej Podlaskiej

Terminal Samochodowy w Koroszczynie
21-550 Terespol

Os$wiadczam, 2e w artykule pt. Simultaneous determination of Solvent Yellow 124 and
Solvent Red 19 in diesel oil using fluorescence spectroscopy and chemometrics,
opublikowanym w czasopismie Talanta 101 (2012) 78-84 mdj udziat polegat na:

e postawieniu hipotez badawczych i pomocy w interpretacji uzyskanych wynikéw.

il

Strona 71



7. Opublikowane badania wlasne

Biata Podlaska, 29.09.2014

mgr Grzegorz Zaleszczyk

Laboratorium Celne

1zba Celna w Bialej Podlaskiej

Terminal Samochodowy w Koroszczynic
21-550 Terespol

Ofwiadczam, e w artykule pt. Simultancous determination of Solvent Yellow 124 and
Solvent Red 19 in diesel oil using fluorescence spectroscopy and chemometrics,
opublikowanym w czasopismie Talanta 101 (2012) 78-84 mdj udziat polegal na:

e pomocy w postawieniu hipotez badawczych i w interpretacji uzyskanych wynikéw.

- A
W ]
H Y// 5

[y

Strona 72



7. Opublikowane badania wlasne

Biala Podlaska, 29,09.2014

mgr inz. Mirostaw Sznajder
Laboratorium Celne

Izba Celna w Bialej Podlaskie;j

Tenminal Samochodowy w Koroszczynie
21-550 Terespol

Oswiadczam, ze w artykule pt. Simultaneous determination of Solvent Yellow 124 and
Solvent Red 19 in diesel ol using fluorescence spectroscopy and chemomeirics,
opublikowanym w czasopi$mie Talanta 101 (2012) 78-84 méj udziat polegal na:

& pomocy w postawieniu hipotez badawezych i w interpretacji uzyskanych wynikéw.

Mg

Strona 73



7. Opublikowane badania wiasne

Katowice, 17.11.2014

prof. dr hab. Beata Walczak
Instytut Chemii
Uniwersytet Slaski

ul. Szkolna 9

40-006 Katowice

Oswiadczam, ze w artykule pt. Simultancous deternination of Solvenr Yellow 124 and
Solvent Red 19 in diesel oil using fluorescence spectroscopy and chemomeirics,
opublikowanym w czasopiémie Talanta 101 (2012) 78-84 méj wklad polegal mna
merytoryeznej dyskusji hipotez badawczych oraz uzyskanych wynikéw.

ot fnlual

Strona 74



7. Opublikowane badania wiasne

7.3. PublikacjaIll

Identyfikacja nielegalnego procederu usuwania komponentéw fiskalnych z oleju
napedowego o obniZzonej akcyzie

Tytut oryginalny: Identifying the illegal removal from diesel oil of certain chemical
markers that designate excise duty

Autorzy: Joanna Orzet
Michat Daszykowski
Ireneusz Grabowski
Grzegorz Zaleszczyk
Mirostaw Sznajder
Beata Walczak

Czasopismo: Fuel

Rok wydania: 2014

Tom: 117
Strony: 224 -229
Wartos¢

wspoétczynnika

Impact Factor: 3,406

W publikacji III zaproponowalam metod¢ badania legalnosci oleju napgdowego ze wzgledu
na uwarunkowania prawne wynikajace z wysokosci natozonego podatku akcyzowego. Probki
oleju napedowego zwierajacego komponenty fiskalne w $ciSle okreSlonym stezeniu
poddatam symulacji ich nielegalnego usunig¢cia na drodze sorpcji. Kazda probka zostata
scharakteryzowana pod katem wlasciwosci fluorescencyjnych. Na podstawie zestawu
fluorescencyjnych obrazéw probek skonstruowatam modele dyskryminacyjne uzywajac
dyskryminacyjnego wariantu regresji cze¢Sciowych najmniejszych kwadratow, D-PLS.
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umozliwiajace poprawng dyskryminacje probek zawartych w niezaleznych zbiorach
testowych z doktadnoscia od 77% do 100% (w zaleznosci od przyjetego kryterium).
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Procedure of rebated tax diesel oil
discoloration was performed in a
laboratory. ?
Fluorescence properties of discolored SSg
rebated tax diesel oil were studied.

* On the basis of 3D fluorescence
signals discrimination models were
constructed.

* A tool for discolored diesel oil
discrimination is proposed.
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ABSTRACT

The fluorescent fingerprints of diesel oil samples were investigated in order to develop a fast and cost*
effective method to facilitate the discrimination of rebated tax diesel fuel from oil that is illegally pro-
cessed by the sorption process. In the experiment oil samples were spiked with a fiscal marker (Solvent
Yellow 124) and adye (Solvent Red 19) and then these were removed using a simulated sorption process.

The excitation-emission fluorescence fingerprints were recorded for each sample. Discriminant models
were constructed on the basis of fluorescence spectra to distinguish oil samples with respect to four pos-

Keywords.

Solvent Yellow 124
Solvent Red 19
Euromarker

Sudan Red 7B
EEM

1. Introduction

Diesel oil is a complex mixture of different chemical com-
pounds. The major components of diesel are saturated and aro-
matic hydrocarbon compounds (usually containing from 8 to 21
carbon atoms per molecule with a boiling point between 290 and
330 °C) 11). Their amounts in commercially available diesel oil vary
within a wide range. Different additives are also used to modify
and improve the properties of a fuel and this considerably in-

* CanTsponding author. Tel. 48 32 359 1568; fax: +48 32 259 9978.
E-mail address: mdasryk*us.edu.pl (M. Daszykowski).

0016-2361/S - see front matter C12013 Elsevier Ltd. All rights reserved.
hiTp:;/dx.dni.org/10.101h.%,fnet.2(114,09.029

sible discrimination schemes (corresponding to the concentrations ofchemical additives). Using discrim-
inant partial least squares models, in all of the discrimination cases that were considered. 100% of the
samples from the model set were discriminated correctly. Prediction results for the tesr set samples were
encouraging and varied between 77% and 100% of correctly discriminated samples.

© 2013 Elsevier Ltd. All rights reserved.

creases the chemical variability of samples. Among the additives
used, there are some that increase the cetane number, depressants,
corrosion inhibitors, antioxidants, biocides, anti-foaming additives,
dyes, markers, bio components (e.g. fame acid methyl esters -
FAME), etc. Chemical additives are incorporated into the oil in var-
ious concentrations and thus diesel oil properties are deliberately
modified. Consequently, oil can be characterized according to dif-
ferent criteria, for example, quality, which can be described by
the cetane number, density, viscosity or sulfur content of the fuel
121 The proposed use of diesel oil can be regarded as yet another
classification criterion. It is commonly used for vehicle transport,
heating, driving agricultural machinery and shipping goods. Diesel
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oil designated for purposes other a regular transport is spiked with
chemical additives that change its physical properties (e.g. chang-
ing the color from yellow to red). This is done to prevent the illegal
use and distribution of rebated excise tax diesel oil from being
introduced on the market in order to reduce the costs of heating,
agricultural production and marine transportation. Thus, another
criterion for diesel oil characteristics is also available, i.e. tax rate
criterion, Two excise tax components have been introduced in all
countries that use such regulations. However, their type and con-
centrations are strictly defined by local laws. The first excise tax
component is a marker. The same marker is used in all member
states of the Europeans Union - Solvent Yellow 124 (SY124). The
second excise tax component is a dye that changes the color of die-
sel oil. Oil that is designed to be used for heating and agricultural
machinery purposes usually contains a red dye and oil for marine
transport is usually spiked with a blue dye. In Poland, two red dyes
are used interchangeably: Solvent Red 19 (SR19) and Solvent Red
164 (SR164). Solvent Blue 35 (SB35) is the only blue dye used in
Poland [3). Diesel oil that is meant for vehicle transport has no
tax components.

In order to distinguish diesel oil that has a rebated or full rate of
duty, discrimination can be performed based on the chemical con-
tent of samples. It is a relatively easy task when samples of diesel
0il are marked properly. Some typical methods that are used to de-
scribe the chemical content of samples, like UV-Vis spectropho-
tometry, have the potential to reveal differences between spiked
and unspiked samples (i.e. samples are characterized by different
colors and absorption properties). A problem occurs when the sam-
ples being examined are not genuine. In such a case, excise tax
additives are removed from diesel oil and a ‘cleaned’ variant is sold
at a higher price, Some efforts have been undertaken in order to
detect the illegal process of the sorption of excise tax components.
In 2007, Zadora and in 2011 Grabowski et al investigated the
chemical composition of sediment samples that were suspected
to be the remains of the sorption process [4.5]. However, to the
best of our knowledge, no procedure to distinguish illegally pro-
cessed diesel oil samples from those with a full rate of duty or
for the detection of residuals that remain after the sorption process
has been described in the literature. The goal of our study was to
develop a simple and cost-effective method to facilitate the dis-
crimination of diesel oil after the removal of tax additives.

Because of the fluorescence properties of the diazo compounds
that are introduced into diesel oil (i.e. marker and dyes), fluores-
cence spectroscopy is considered to be a sensitive analytical tech-
nique with the potential to detect the residue of tax compounds or
changes in the chemical composition that are due to the discolor-
ation process. In the literature, luorescence spectroscopy has been
acknowledged as a valuable method to characterize the quality of
fuel [6-10].

Bearing in mind the different spectral characteristics of markers
and dyes (i.e. different characteristic excitation and emission
ranges) and possible analyte-background interactions (i.e. fluores-
cent molecules that are present in the matrix can contribute to
analytical signal that is registered), the excitation-emission
(EEM) fluorescence spectroscopy was the fingerprinting technique
that was used to provide the comprehensive chemical information
for complex mixtures in our study. Using the EEM spectroscopy, a
sample is excited with a number of excitation wavelengths and the
emission spectra for every excitation wavelength are registered.
Thus, during a single measurement one can simultaneously ob-
serve the fluorescence of fluorophores that have different spectral
properties. The complexity of the data that is obtained with EEM
fluorescence spectroscopy is great and often chemical information
that explains the phenomenon that is being studied requires che-
mometric data mining. Therefore, in order to extract the relevant
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chemical information advanced chemometric methods are neces-
sary [11-13).

In this study a set of oil samples with and without SY124 and
SR19 was characterized by its EEM fingerprints. Then, these were
preprocessed and a chemometric analysis was performed. Principal
component analysis (PCA) |14] was carried out first in order to
explore the structure of the data. Next, a partial least squares
discriminant model (PLS-DA) [15] was built to explain any differ-
ences in the chemical composition of the oil samples with respect
to the concentrations of SY124 and SR19 in order to detect any
levels below the concentration limits that are acceptable under
Polish law.

2. Materials and methods
2.1. Experimental

2.1.1. Preparation of samples

Diesel oil, which was purchased at a local gas station, was
spiked with SY124 (obtained from Sigma-Aldrich, 98.0% purity)
and dyed with SR19 (obtained from IBPO, 92.3% purity). The con-
centrations of the additives in the oil samples were kept within
the range of between 0 and 10 mgL'. Then, the marker and dye
were removed from the samples using the sorption process simu-
lated in a laboratory environment. For each sample, the same
discoloration procedure was performed. 10 mL of a freshly pre-
pared sample was introduced into a vessel with 1.50 g of a sorption
agent and mixed. After 10 min the sample was filtered using a pa-
per filter. Then, the EEMs of the filtered and discolored samples
were collected. In total, 20 different concentration levels of a mar-
ker and dye were tested. Three laboratory replicates for a particular
concentration level were prepared (independent samples were
prepared individually). For each laboratory replicate three EEMs
were registered (the so-called technical replicates), which led to
180 EEMs.

2.1.2. Fluorescence measurements of diesel oil samples

All diesel oil samples were measured spectrofluorometrically in
a 10 x 10mm quartz cuvette using a Carry Eclipse Varian
FLO811MO000 spectrofluorometer with the right-angled geometry.
The emission spectra from 350 nm to 800 nm were measured in
2 nm intervals (226 wavelengths) at 46 excitation wavelengths
from 250 nm to 700 nm (10 nm interval) with the detector sensi-
tivity of the detector set to 500 V.

22. Chemometric analysis of EEMs data

2.2.1. Data exploration - principal component analysis

Data exploration is one of the first steps in data analysis. It helps
to uncover any similarities among samples and/or variables. The
most popular method used for that purpase is principal component
analysis (PCA) [14,16,17]. During PCA new features, called princi-
pal components (PCs), are constructed. They aim to maximize the
description of the total data variance. When data variables are
strongly correlated, a small number of PCs sufficiently summarize
the data structure and data dimensionality is greatly reduced. An
efficient data compression leads to a few PCs that can be used to
visualize the data structure using the so-called score and loading
plots. A score plot is a projection of samples onto a new coordinate
system that is defined by selected pairs of PCs that explain a large
portion of the data variability. Projection(s) often reveal a cluster-
ing tendency in the data (if any exists). Furthermore, coding sam-
ples on a score plot according to additional information, e.g. the
concentration of the chemicals of interests, groups of samples,
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etc., facilitates the analysis of any trends in the data. When loading
plots are interpreted, one can study the contribution of explana-
tory variables into the construction of each PC and explain the spe-
cific data structure that is observed on a corresponding score plot
118].

222. Construction of discrimination models - partial least squares
discriminant analysis

The purpose of discrimination methods is to divide a set of sam-
ples into a number of groups that are characterized according to
their physico-chemical properties, e.g., the discrimination of fuel
samples with an increased or decreased tax rate. The discrimina-
tion based on multivariate chemical data can be performed using
the partial least squares discriminant model (PLS-DA) [19]. It is a
useful technique when the data contain a large number of corre-
lated variables because only a few latent factors are necessary to
efficiently model the relationship between a set of explanatory
variables (EEMs) and a dependent variable. For a two group prob-
lem, a dependent variable is represented by a binary vector that
indicates membership for each sample group (a tax level - in-
creased or decreased). A PLS-DA model is constructed for a limited
number of latent variables and their number is called model com-
plexity./. The construction of a model with an acceptable discrim-
ination power requires the optimization of the number of latent
variables. This is usually done using the so-called cross-validation
procedure |20].

2.3. Data set and data pretreatment

2.3.1 Data preprocessing

The first preprocessing step of excitation-emission fluorescence
matrices is to handle the Rayleigh scattering. This is a chemically
irrelevant component of the EEM spectra and thus can negatively
influence their modeling. In the literature, there are several pro-
posals as to how it can be corrected. For instance, the Rayleigh
scattering can be removed from the EEM data by replacing its cor-
responding values with zeros [21.22), treating them as a missing
values [23) or interpolation using different approaches [24.25). In
this paper the Rayleigh scattering was removed from the EEMs
and interpolated with the Delaunay triangulation as described in
Ref. |24).

Next, the EEMs were unfolded. A single fluorescence matrix was
rearranged into a row vector containing 46 augmented emission
spectra (each consisting of 226 sampling points), see Fig. 1. The un-
folded 180 EEMs produced a data matrix or size 180 x 10396.

The last step in the data preprocessing workflow consisted or
averaging the intensities of the fluorescence measurements that
are observed for three technical replicates that are recorded for
each laboratory sample. The mean spectra formed the final data

Original data

Fig. 1- Different possibilities of EEM data representation -

set - a matrix of size 60 * 10396 (samples x (emission wave-
lengths x excitation wavelengths)).

2.32. Discrimination schemes

Before the construction of a dependent variable, a careful study
of any possible fluctuations in the chemical composition of the
samples should be carried out. For example, if a diesel oil of a full
rate tax value has been transported in a container that had previ-
ously been used to transport a fuel with another tax level, it may
be a source of residues from a spiked oil that will mix with a diesel
oil that does not have excise tax additives. Therefore, these sam-
ples can be incorrectly recognized as samples after the sorption
process. Thus, in order to draw a definite conclusion about the
presence of tax additives, it would be an insufficient criterion to
discriminate oil samples. A discrimination model as a discrimina-
tion criterion should also take into account the concentration lev-
els of the excise tax additives (described by law). According to
Polish law |3], Solvent Yellow 124 is introduced to diesel oil in
an amount that varies between 6.0mgL'1 and 9.0 mgL"1 The
concentration level of SY19 must be at least equal to 6.3 mgL 1
or larger. Taking into account the concentration criterion and
experimental settings, some of the available samples can be la-
beled as either a full rate of duty or as rebated tax samples. How-
ever. in a data set there may be samples with ambiguous,
according to the law, concentrations of a marker and dye that can-
not support any definite discrimination. For example, a sample
with concentration of a marker equal to7 mg L 1(that defines a re-
bated tax oil) and a concentration of dye 2 mg L 1(oil with a full
rate of duty). Therefore, in this study four different discrimination
problems were considered. Each discrimination problem is de-
scribed by a dependent binary variable. In all of the discrimination
cases, the available samples were divided into two groups with re-
spect to the concentration of an additivefs). Samples included in
the full rate of duty group of oils are denoted as'1' and the remain-
ing samples (form the rebated tax group) as '-1'. The design of the
experiment and the discrimination schemes that were investigated
arc presented in Fig. 2.

The first discrimination problem, nl. is based on a concentra-
tion of a marker compound (samples characterized with SY124
concentration below the level described in the law were included
in the full rate of duty group, and the rest of the samples formed
the rebated tax group). The concentration of a dye was used as
the second criterion. The remaining two discrimination problems
focus on two additives. For n3, simultaneous concentrations of
both a marker and dye should exceed the levels described by the
law to assign samples to the group of oils with a full rate of duty.
For n4, the concentration of at least one of the tax additives should
be equal to or larger than the specified concentration in order to
recognize a sample as a rebated tax oil.

Unfolded data

the unfolding of the EEM fluorescence fingerprints.
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3. Results and discussion

The data that was studied were first preprocessed according to
the steps described in Section 2.3. In order to efficiently handle the
Rayleigh scattering, the location of the peaks related to the
scattering were detected (in all of the emission spectra registered).
Then, fifteen sampling points corresponding to the Rayleigh
scattering peaks were removed and interpolated using the proce-
dure described in Ref. |24]. The corrected data were unfolded, aver-
aged (as described in Section 2.3) and centered column-wise prior
to further analysis. The first two principal components described
over 99.05% of the total data variance. The PCA score plot, which
displays 60 diesel oil spectra on the PClI and PC2 plane, is

Flj. 3. PCI vs. PC2 score plots of oil samples marked according to four discrimination sche
marked with *U" and samples included in the full rate of duty group are marked with 'O*

10 16 10

5 10

presented in Fig. 3. In order to investigate the scatter of the sam-
ples included in the tax groups being considered, they were
marked according to four possible discrimination problems (see
Section 2.3).

Exploring the PCI vs. PC2 score plot, two clusters of samples are
observed. However, they do not represent any of the discrimina-
tion problems being considered. The score plot presented in
Fig. 3a helps to spot separate clusters that match discrimination
problem nl. Thus, the concentration of SY124 is a possible marker
that can be used to indicate the process of illegal sorptioa Further
interpretation of the score plots with the other three discrimina-
tion criteria indicated (Fig. 3b-d) could not be associated with
any particular cluster of samples.

mes (a) nl, (b) n2. (c) n3 and (d) n4. Samples included in the rebated tax group are
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Discrimination results obtained from the PLS-DA models with the optimal number of factors. F and R indicate the number of samples from the full rate of duty and the rebated tax

oil groups, respectively.

Binary dependent  The considered Samples in the Samples in the [ Number of correctly discriminated Number of correctly discriminated
variable compound model set test set samples in model set samples in test set

nl SY124 J0(F=15R=15) 30(F=~9R=21) 3 30(100%) 30 (100%)

n2 SR19 30(F-15R=-15) 30(F=6R=24) 10 30(100%) 23 (77%)

n3 $Y124 and SR19 14(F=T7R=7) 46 (F=2R=44) 6 14(100%) 35 (78%)

n4 SY124 or SR19 30(F=15R=15) 30(F=9R«21) 10 30(100%) 27 (90%)

After the PCA analysis, multivariate discriminant models were
constructed. For each of the four discrimination problems, samples
were split into model and test sets, according to the following
procedure:

(i) samples were divided into two subsets, i.e. denoted as ‘-1
and as '1",

(it) an equal number of samples was selected from each subset
using the Kennard and Stone algorithm [26] (selecting sam-
ples with unique characteristics) and included into the
model set, while the remaining samples formed the test set.

The number of samples defined as the full rate of duty and
rebated tax oil that were included in each model and test set is
different (see Table 1).

The model and test sets were then used for the construction and
validation of discriminant models. In the case of discriminant prob-
lem n1, three latent factors were found to be sufficient to construct
a model with an acceptable performance, i.e. all model and test
sets samples are correctly recognized.

For the second discrimination problem (n2), the optimal dis-
crimination results were achieved with a model containing ten la-
tent factors. However, its performance is worse compared to the
previous model, i.e. all samples from the model set are recognized
correctly but seven samples (30%) from the test set are incorrectly
classified. A better performance is observed when the samples are
discriminated with respect to the concentrations of a marker and
dye. 86% and 93% of the test set samples are correctly classified
using the discrimination models constructed for the n3 and n4 dis-
crimination criteria, respectively. The discrimination results ob-
tained from all of the models constructed are summarized in
Table 1,

An analysis of the results obtained from the optimal models al-
lows the conclusion to be drawn that discrimination criterion n1 is
the best, i.e. the concentration of SY124 is a marker that indicates a
possible sorption process with a high probability.

Misclassified samples according to discrimination criterion n2,
are characterized by concentration of SR19 in the range from 0 to
8mgL '. However, concentration of SY124 in these samples is
high, i.e. 9 (two samples) and 10 (five samples) mgL~'. It can be
concluded that discrimination criterion based on the SR19 concen-
tration is affected to some extent by presence of SY124. Thus, cri-
terion n2 can be expected to yield the worst model's performance
(from all possible discrimination schemes).

According to n3 criterion samples with a high SY124 concentra-
tion (i.e. 9mgL~" and above) are incorrectly discriminated. For
four wrongly discriminated samples using criterion nd it is impos-
sible to explain the fact of their incorrect discrimination using con-
centrations of SY124 and SR19.

EEM fingerprints can be modeled using the n-way approach. e.g.
n-PLS [27]. The n-PLS method can be regarded as an extension of
PLS to handle data with tri-linear structure, and by including this
property into modeling, compared with classic PLS, may have a
better performance. [nitially, we have modeled our data using
the n-PLS approach. However, for our data, in general, n-PLS did
not outperformed than standard PLS in terms of discrimination
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error. In case of criterion nl1, the PLS model (with three factors
only) performed better than more complex n-PLS (with four fac-
tors). The complexity of the optimal n-PLS model for criterion n2
contains eleven factors (one more than in PLS) and the perfor-
mance of this model is worse (in case of PLS correct classification
rate approaches 77%, whereas for n-PLS 70%). The n-PLS model
constructed for criterion n3 requires six factors and performs
virtually the same as the six-factor PLS model. Criterion n4 can
be modeled using n-PLS with the same effectiveness using one
factor less than for the optimal PLS model constructed. Since the
n-PLS models are more complex, we have decided to discuss
results only using a classic PLS modeling.

4, Conclusions

In this paper, a method to facilitate the discrimination of a re-
bated tax diesel oil from samples after the sorption process was
introduced. This goal was achieved using the excitation-emission
fluorescence spectroscopic signals that were preprocessed and
then modeled using chemometric tools. The data exploration per-
formed using PCA supported the hypothesis that Solvent Yellow
124 can be regarded as a possible marker for the detection of an
illegal sorption process. The best discrimination results based on
the PLS-DA model, i.e. 100% correctly discriminated samples (both
in the model and test sets) were obtained by focusing on the mar-
ker concentration (discrimination criterion n1). Other discrimina-
tion models had a performance that was similar to the first
model. The model with the worst predictive performance, only
77% of correctly classified samples, was constructed assuming
the concentration of a dye, Solvent Red 19, as the discriminant cri-
terion. The results that were obtained support the hypothesis that
residues of a marker indicate a possible sorption process. The dye
was practically completely removed during the sorption proce-
dure, and thus the discrimination based on its concentration is
the least effective. The method presented here can be considered
as a solution for the detection of illegally preprocessed oil samples.
However, in order to obtain a general solution, a larger pool of
samples of commercially available diesel oil should be included
in the data set that is used for the model construction and valida-
tion of the medel. To adopt our procedure to comply with regula-
tions of other countries, their law need to be studied. A set of
samples with marker and a particular dye (used in a considered
country) need to be prepared and the cut-off value corresponding
to assumed in the country law concentration level have to be used.

Simulated sorption process used in our experiment is one of the
possible activities that influence properties of rebated tax diesel
oil. To extend the proposed method to be used in a forensic context
(useful in court trial) other activities (e.g. transport and storage
conditions) need to be considered. It can be performed after adopt-
ing, e.g. the likelihood ratio approach [28).

Acknowledgements
M.D. wishes to express his gratitude to the Minister of Science

and Higher Education of the Polish Republic for funding the
scholarship.




7. Opublikowane badania wiasne

). Orzel et alL/Fuel 117 (2014) 224-229 229

J.0. appreciates the support of National Science Center Grant
No. 2011/03/N/ST4/00713 and the UPGOW fellowship.

References

[1] Agency for toxic substances and disease registry. toxicological profile for fuel
oils, Atlanta: U.S. Department of Health and Human Services; 1995. {cited 07,
02. 12}, <http:/jwww.atsdr.cdc gov/toxprofilesitp75.pdfr.

[2) Dabelstein W, Reglitzky A, Schitze A, Reders K. Automative fuels. In: Ullmann
F. editor. Ullmann's encyclopedia of industrial chemistry. Weinheim: Wiley;
2007.

13) porzedenie ministra fi w Sprawi K ia i barwienia wyrobow

Znych [Di of Polish of Finance concerning marking
and dying of energy products| (Dz. U. 2010, No. 157, item 1054}

[4] Zadora G. Laundering of "lilegal” fuels - a forensic chemistry perspective. Acta
Chim Slov 2007;54:110-3.

[S] Grabowski I, Zaleszczyk G. Identification of sedi from discol of
energetic fuels with soll performed with Fl'll and ED-XRI-' spectrascopy. |n
Pmedmas of the 15th polish ! i of spec

for i tion of fal and chemical compounds. Poznan,

Poland; 2011 May 25-27

{6] Alexander |, Mashak G. Kapitan N, Siegel JA. Fluorescence of petroleum
products. II. Three-dimensional fluorescence plots of gasolines. ) Forensic Sci
1987,32:72-86.

[13} Piccirlli GN, Escandar GM. Second-order advantage with excitation-emission
fluorescence  spectroscopy and a flow-through optosensing  device,

1 determination of thiabendazole and fuberidazale in the
presence of uncalibrated interferences. Analyst 2010; 135 1299-308.
[14) Wold S, Esbensen K, Geladi P. Principal comp is. Chi Intell

Lab Syst 1987:2:37-52.

[15] Barker M, Rayens W. Partial least squares for discrimination. ) Chemom
2003:17:186-72.

[16] Daszykowski M, Waliczak B. Massart DL Projection methods in chemistry.
Chemom Intell Lab Syst 2003:65:97-112.

(17] Honorato FA, Neto BdB. Pimentel MF, Stragevitch L Galvdo RKH, Using
principal component analysis to find the best calibration settings for
simultaneous spectroscopic determination of several gasoline properties.
Fuel 2008;87:3706-9.

118] Brown 5D, Tauler R,
chemometrics, London: Elsevier; 2009.

[19] Massart DL, Vandeginste BGM, Budgens LM, de Jong S. Lewi P). Smeyers-
Verbeke ]. Handbook of chemometrics and qualimetrics part
A. London: Elsevier: 1992,

[20} Naes T. tsaksson T. Fearn 1. Davies T. A user-friendly guide to multivariate
calibration and classification. Chichester: NIR Publications; 2002.

[21) Orzel ). Daszykowski M, Walczak B. Controlling sugar quality an the basis of
fluorescence fingerprints using robust calibration, Chemom intelt Lab Syst
2012:110:89-96,

1221 Thygcstn LG. Rinnan A, Barsberg S. Moller JKS. Stabilizing the PARAFAC

Walczak B. Comprehensive

[7) Shefl M. Siegel ). Fluorescence of petroleum products V: th di ional
Auorescence spectroscopy and capillary gas chromatography of neat and
evaporated gasoline samples, ) Forensic Sci 1994,39:1201-14.

(8] Siegel ). Solving crimes with 3-D fluorescence spectroscopy. Anal Chem
1985:57:934-40.

[9] Christensen JH, Hansen AB, Mortensen ), Andersen O. Characterization and
matching of oil samples using fluorescence spectroscopy and parallel factor
analysis. Anal Chem 2005:77:2210-7.

[10] Divya O. Mishra AK. Multivariate methads on the excitation emission matrix
Nuarescence spectroscopic data of diesel-kerosene mixtures: a comparative
study. Anal Chim Act 2007:592:82-90,

[11]} Guimet F, Ferre ). Bogue R, Rius FX. Application of unfold principal component
analysis and lel factor lysis to the /! Y lysis of olive oils by
means of excitation-emission matrix fluorescence spectroscopy. Anal Chim
Act 2004:515:75-85.

[12] Persson T, Wedborg M. Multivariate evaluation of the Nuorescence of aquatic
organic matter. Anal Chim Act 2001;434:179-92,

Strona 81

pasition of fluorescence spectra by insertion of zeros outside the data
area. Chemom Intell Lab Syst 2004:71:97-106.

|23] Tomasi G. Bro R. PARAFAC and missing values. Chemom Intell Lab Syst
2005;75:163-80.

[24] Zepp RG, Sheldon WM, Moran MA. Di organic M ph in
southeastern US coastal waters: correction method for eliminating rayleigh
and raman scattering peaks in excitation-emission matrices. Mar Chem
2004:689:15-36.

(25] Bahram M, Bro R, Stedmon C, Afkhami A. Handling of rayleigh and raman
scatter for PARAFAC modeling of fluorescence data using interpolation. )
Chemom 2006;20:99- 105,

[26} Kennard RW, Stone LA. Computer aided design of experiments. Technometrics
1969;11:137-48.

[27] Bro R Multiway calibration. multilinear PLS. ] Chemom 1996;10:47-62,

28] Altken CGG, Lucy D. Evaluation of trace evidence in the form of multivariate
dala, J R Stat Soc 2004;53:109-22.



http://www.atsdr.cdc-gov/toxprofiles/tp75.pdf

7. Opublikowane badania wlasne

Katowice, 03.03.2015

dr hab. Michal Daszykowski, prof. US
Instywt Chemii

Uniwersytet Slaski

vl. Szkolna 9

40-006 Katowice

Ofwiadczam, 7e w artykule pr. Identifying the illegal removal from diesel oil of certain

chemical markers that designate excise duty, opublikowanym w czasopismie Fucl 117 (2013)
224-229 méj udzial polegat na:

wspottworzeniu hipotezy badawczej i koncepcji badan.

zapewnicniu nadzorun merytorycznego w tym pomocy w interpretacji  wynikéw
i weryfikacji wyciggnigtych przez doktorantk¢ wnioskéw z przeprowadzonych badan,
opicce i merytorycznym nadzorze podczas przygotowania manuskrypiu,

pomocy w procedurze redakcyjnej (1j. pomocy w przygotowaniu odpowiedzi na recenzje),
dokonaniu ostatecznej korekty artykutu,
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7.4. Publikacja IV

Szybka metoda oceny zdolnosci antyoksydacyjnej Zywnosci uzZywajgc
fluorescencyjnych obrazéw na przyktadzie ekstraktow kawy i miety pieprzowej

Tytut oryginalny: A rapid validation of the antioxidant capacity of food commodities based
on their fluorescence excitation emission spectra as applicable to coffee

and peppermint extracts
Autorzy: Joanna Orzet
Michat Daszykowski
Czasopismo: Chemometrics and Intelligent Laboratory Systems

Rok wydania: 2014

Tom: 137
Strony: 74 - 81
Wartosé

wspc’ﬂczynnika‘
Impact Factor : 2,381

W publikacji IV opisuj¢ opracowana przeze mnie metodyke analityczna, opierajaca si¢ na
pomiarach fluorescencyjnych obrazéw, ktéra umozliwia w sposéb szybki i niewymagajacy
odczynnikow chemicznych oceni¢ parametr jakosci produktéw spozywczych jakim jest ich
_catkowita zdolnos¢ antyoksydacyjna. Parametr wyznaczatam przy uzyciu metody
referencyjnej, dedykowanej analizie produktéw spozywczych — test ORAC
(ang. oxygen radical absorbance capacity). Réwnocze$nie przeprowadzitam eksperyment,
w ktérym ocenitam catkowita zawarto$¢ polifenoli wykorzystujac metod¢ z uzyciem
odczynnika Folina-Ciocalteau. Wyznaczylam zawartos¢ antyoksydantow (i zwigzkow
fenolowych) w wodnych ekstraktach kawy i migty pieprzowej. Scharakteryzowatam probki
ze wzgledu na ich wiasciwosci spektralne, rejestrujac fluorescencyjne obrazy. Uzyskane dane
poddatam kalibracji uzywajac regresji czesciowych najmniejszych kwadratéw lub jej
N-modalnej wersji. Skonstruowane modle umozliwiaja oceng¢ parametru ORAC dla
wybranych ekstraktow z bledem nizszym niz 9,10% (dla niezaleznych zbioréw testowych).
Efektywna kalibracja zawartosci zwigzkéw fenolowych byta mozliwa dla ekstraktéw kawy
(btad przewidywania 7,02%). Niestety, dla ekstraktéw migty pieprzowej konstrukcja modelu
o satysfakcjonujacych parametrach, na podstawie uzyskanych danych byta nieosiagalna.

Badania zamieszczone w publikacji realizowatam w ramach projektu badawczego Preludium,
finansowanego przez Narodowe Centrum Nauki pt.  Fluorescencyjne  krajobrazy
w polgczeniu z metodami chemometrycznymi jako potencjalne narz¢dzie do wyznaczania
catkowitej zdolnosci antyoksydacyjnej, nr 2011/03/N/ST4/00713, ktérego bytam kierownikiem.
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A novel and rapid approach to screening antioxidant content is proposed. Its usefulness is illustrated for coffee
and peppermint extracts. The antioxidant properties of extracts were predicted from their excitarion-emission
fluorescence matrices using the partial least squares and the N*way partial least squares regression. The total
antioxidant capacity and the total phenolic content were estimated using oxygen radical absorbance capacity
(ORAC) and Folin-Ciocalteau assays, respectively. Prediction errors of calibration models describing the total
Keywords; antioxidant content evaluated using the ORAC assay were equal to 44433 (6.29%) and 647.74 (9.04%) of the
EEM Trotox equivalents for coffee and peppermint extracts, respectively. The prediction error of the total phenolic
content for coffee extracts was about 0370 (7.02%) expressed as gallic acid equivalents. The limits ofdetection
were below B5.43 of the Trolox equivalents and 0.038 of the gallic acid equivalents, and the relative standard

Non-selective analytical signals
Multivariate calibration
Chemometrics

1. Introduction

A lifestyle that ensures a long and healthy life requires introducing
into one's diet food commodities that contain vital components neces-
sary to maintain our body in good health (vitamins, omega-3 fatty
acids, microelements, etc.). Potentially, these can help to reduce the
chance of developing diseases (such as Alzheimer's, cancer and athero-
sclerosis) or inhibit the aging process. Due to their ability to deactivate
free radicals, antioxidants are claimed to be one of the most important
vital food components. The antioxidant properties of food products as
well as their content of chemical compounds that are recognized as
antioxidants vary considerably 11]. The total amount of antioxidants
contained in a sample, which has the ability to scavenge free radicals,
is described by the total antioxidant capacity (TAC) parameter. It is eval-
uated using antioxidant capacity assays [2|. The assays that have been
developed to date are based on the chemical reaction between antioxi-
dants and artificially generated free radicals.The reaction is monitored
using an instrumental technique, for instance, spectrophotometry,
fluorimetiy or electron paramagnetic resonance spectroscopy. Another
approach that is used to estimate the TAC parameter aims to evaluate
the antioxidant content in samples by the quantification of some
known antioxidants (e.g., using chromatographic methods). In this
case, the TAC value is expressed as the sum of quantified antioxidant
compounds (3). however, the result cannot be compared with the TAC

+ Corresponding author. TeL:+48 32591569: fax: + 48 32 259 99 7t
£-mai/oddness. mdaszykiPus.edu.pl (M. Daszykowski).

http://dx.doi.oig/10.1016/j.cheniolab.2014.06.014
0169-7439/C 2014 Elsevier B.V. All rights reserved.

deviation was in arange of between 1.61% and 7.13%.

© 2014 Elsevier B.V, All rights reserved.

value of active antioxidants that are obtained from the chemical-based
assays. Moreover, often concentrations of certain antioxidants do not
resemble their tnie TAC These phenomena can be explained by a possi-
ble synergic effect and/or redox interactions between chemical compo-
nents 12J The evaluation ofthe TAC for different food commodities has
become quite popular these days. Standard assays, which are based on a
chemical reaction, e.g.. theTrolox equivalent antioxidant capacity assay
(TEAC) [41. the DPPH assay [2,2-diphenyl-1-piciylhydrazyl| [5], the fer-
ric reducing ability of plasma (FRAP) |6] or the oxygen radical antioxi-
dant capacity assay (ORAC) [7| are frequently used for the evaluation
ofthe TACof vegetables [1]. fruits [8], alcohol free beverages (e.g.. coffee
19]) and alcoholic beverages that is beers and wines [10.111 Although
all of the methods that have been developed to estimate the TAC
value are routinely applied, they are rime or reagent consuming. A
routine and rapid analysis with available assays that is applicable,
e.g., during the production process or monitoring the TAC of food
products is difficult to perform in an on-line setting.

On the other hand, many antioxidantcompounds exhibit fluorescent
properties and thus they can be screened using a fast, sensitive and non-
destructive analytical technique - fluorescence spectroscopy. To date,
fluorescence spectroscopy has been successfully applied for screening
the properties of various products (e.g.. riboflavin in dairy products
112]) or some global properties including the shelf life of yoghurt or
beer [13.14], The antioxidants that are contained in a complex food
sample have different spectral characteristics (i.e. characteristic excita-
tion and emission wavelengths). The basic emission spectrum that is
collected for a single excitation wavelength is insufficient to describe
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all of the compounds of interest. Therefore, in order to obtain informa-
tion about a wide range of (luorophores, a number of emission spectra
are collected by the sequential excitation of a sample at certain
wavelengths. These emission spectra are then arranged into a so-
called excitation-emission fluorescence matrix (EEM). which repre-
sents a 2-D analytical signal containing emission spectra collected for
particular excitation wavelengths in rows. Considering the relatively
high information content, an EEM can be treated as asample fingerprint
that potentially resembles information about its TAC value. For instance,
EEMs were used as fluorescence fingerprints of diesel oil samples in
order to determine the concentrations of excise tax components [15]
or to detect the illegal process of fuel laundering (the removal of excise
duty components) 116]. They have also been considered to be useful an-
alytical signals to monitor the quality of food products such as sugar
[17], yoghurt [13] and edible oils [ 18]. Bearing in mind the advantages
of fluorescence fingerprints, a novel approach to evaluate the TAC of
food samples was developed based on their EEMs. Multivariate calibra-
tion methods were applied in order to extract useful chemical informa-
tion from EEMs that described the TAC value. The TAC values were
obtained from two reference analytical assays - the ORAC assay |7]
and the total phenol content of samples assay, TPC [19], To illustrate
the performance of the proposed method, two food commodities such
as coflee and peppermint, both of which have been relatively well
described in the literature, were selected. ORAC and TPC values for
each sample were expressed as the Trolox (TE) and gallic acid (CA)
equivalents, respectively. The EEMs were registered in selected excita-
tion and emission ranges. Then, the collected fluorescence fingerprints
were related to their corresponding response TAC values using the par-
tial least squares regression [20], PLS and the N-way partial least squares
]21], N-PLS. The proposed method is characterized by its figures of merit
(limits of detection and quantitation) as calculated for the optimal
calibration models.

2. Materials and methods
2.1 Theory

2.1.1. Determination ofthe total phenolic content

The total polyphenol content of samples was determined using the
Folin-Ciocalteau method as described in detail in reference [19], The
calibration curve, which served as the standard, was constructed for
gallic acid and the absorbance was recorded at 760 nm.

2.12. The oxygen radical absorbance capacity assay

The response of the ORAC assay relies on the damage to a fluorescent
agent- fluorescein, which is caused by free radicals and is monitored as
the decrease of the fluorescence intensity over a certain period of time.
The antioxidants that are present in a sample inhibit damage to the
fluorescentagent and thus the fluorescence signal is sustained. Simulta-
neously. the fluorescence intensity of a blank probe (without antioxi-
dants, but with the same amounts of a free radical generator and a
fluorescence agent as in the original sample) is examined. These two
chemical reactions are driven to completion. The TAC is expressed as
the area between the two curves that described the decrease of fluores-
cence intensity over time for the blank and tested sample, respectively.
In our study, a calibration curve was built for a set of standards with
known TAC values. The water soluble vitamin E analog which is called
Trolox (6-hydroxy-2,S,7,8-tetramethylchroman-2-carboxylic acid),
served as the standard antioxidant for the ORAC assay.

2.1.3. Doramodeling

Excitation-emission fluorescence matrices contain multiple fluores-
cence measurements, which result in 2-D spectra. For a setofsamples, a
collection of EEMs can be organized as a 3-D data array |22] with the
dimensions excitation wavelength x emission wavelengths x samples.
To extract the relevant chemical information from the EEMs. advanced

chemometric preprocessing and modeling methods are necessary. One
of the most important preprocessing steps for the EEMs consists of the
detection and elimination of the Rayleigh and Raman scattering. The
scattering is manifested on the EEMs as diagonal lines of peaks (see
Fig. 1a). Itis achemically irrelevant component and can significandy in-
fluence the shape of the characteristic of the peaks for key fluorophores.
Therefore, prior to the construction ofthe model, the scattering must be
corrected. In this study, correction of scattering was done using the ap-
proach described earlier |23], although there are other methods also
performing well [24], Peaks corresponding to scattering were detected,
removed and missing elements were interpolated using the Delaunay
triangulation. The exemplary fluorescence signals (EEMs) of pepper-
mint extract before and after scatter correction are shown in Fig 1

Prior to the construction of a calibration model, it is important to
analyze the data structure to foresee any possible difficulties at the
modeling stage. In particular, data homogeneity, including the detection
ofoutlying samples and possible measurement enors that can negative-
ly influence construction ofa least squares model, is evaluated 125], Data
multivariate exploratory methods are required in order to uncover the
structure of the EEMs. Principal component analysis, PCA |26], is
frequently used to compress and visualize multivariate data. In PCA,
the original data variables are described by a set of new variables,
whichare called principal components. PCs. They maximize the descrip-
tion of the data variance. Data structure is visualized on score and load-
ing plots that reveal similarities among the samples and variables,
respectively.

To predict the TAC values of samples from their EEMs, it is necessary
to construct a multivariate calibration model. Assuming a linear rela-
tionship between the TAC value and fluorescence spectra, the partial
least squares regression. PLS, is a straightforward choice |20]. Another

oabp

380

Emission [nm] 480

Excitation [nm]

Emission [nm]

Excitation [nm]

Fig. 1. Exemplary fluorescence signals (EEMs) for a peppermint extract: a) raw signal and
b) signal after scatter correction.
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more advanced option is the N-way partial least squares regression,
N-PLS, [21} which takes into account the trilinear structure of the
fluorescence data, which can possibly reinforce the calibration results
[22] (improving the fit and prediction properties of how a N-PLS model
compares with the PLS). The relationship between the dependent vari-
able (TAC) and the explanatory variables (EEM) is described by a few
latent factors in both calibration models. In PLS, the original 3-D data
are unfolded into a matrix of the dimensions samples x (excitation
wavelength x emission wavelengths). The unfolded data are then repre-
sented by a few latent factors that maximize the covariance between
the modeled property and the explanatory variables.

In N-PLS, the 3-D data of the dimensions samples x excitation
wavelengths x emission wavelengths are decomposed into the so-called
triads that maximize the cost function and are used for the construction
of the model

In order to characterize the model fit and its prediction properties,
the available set of samples is divided into training and test sets. The
model set is used to construct a calibration mode! and samples from
the test set are used to estimate its prediction properties. The fit and
prediction of a model are described by the root mean squared error,
RMSE, and the root mean squares error of prediction, RMSEP [20],
respectively.

To evaluate the number of latent factors (complexity of a model),
which is necessary to construct the optimal model, the cross-validation
procedure is often applied [20]. In the cross-validation procedure, error
estimates are derived based on the iterative deletion of a certain number
" of samples that serve as validation samples. At one step, a number of
models are constructed with an increasing number of latent factors.
Error estimates are obtained from each model for the group of validation
samples. After repeating the cross-validation procedure a number of
times, error estimates are averaged for each model complexity and
expressed as the root mean square error of cross-validation, RMSECV.

22 Experimental

22.1. Reagents

The fluorescence probe — fluorescein disodium salt {CzoH,oNa20s,
98.5-100.5% purity) was purchased from Fluka. 2,2'-Azobis (2-
methylpropionamidine) dihydrochloride, AAPH, (CgH,gNg 2HCI, 97%
purity grade) and (+)-6-hydraxy-2,5,7,8-tetramethylchromane-2-
carboxylic acid, Trolox, (C,4Hg04, 97% purity grade) were obtained
from Sigma-Aldrich. The phosphate buffer ingredients (sodium
dihydrogen phosphate (NaH,PO,, pure grade p.a.) and di-sodium hy-
drogen phosphate dodecahydrate (Na,HPO, 12H,0, pure grade p.a.),
Folin-Ciocalteau reagent (2.0 M) and sodium carbonate (Na,CO,, pure
grade p.a.) were purchased from POCH Poland.

222, Preparation of coffee extracts

In our experiment, 15 types of ‘arabica’ whole bean coffee samples
that had been collected from different geographical locations and that
had been differently roasted were considered. In general, the coffee
was produced in three continents: Asia, South America and Africa. First-
ly, the coffee beans were ground in an electric coffee grinder and sieved
(the size of the sieve was equal 0.43 mm). Then, 5 g of the sieved coffee
sample were brewed in 50 mL of distilled water at 95 °C. After 5 min of
brewing, the coffee extracts were filtered using a standard coffee filter
and stored in a freezer at — 20 °C until a further examination.

2.2.3. Preparation of peppermint extracts

Ten peppermint samples were collected from seven different pro-
ducers (samples obtained from the same producer varied with respect
to production batch). Two grams of dried peppermint were extracted
for 15 min using 50 mL of hot (95 °C) distilled water, filtered and stored
in a freezer at — 20 °C until further analysis.
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2.2.4, Determination of the total phenolic content in the samples

The total phenolic content of the samples was evaluated using the
Folin-Ciocalteau reagent (FCR). A 20 pl of the investigated sample
was added to 250 pL of FCR and 1000 pL of saturated Na,CO,. Then,
the mixture was diluted up to a volume of 10 mL and incubated for
30 min at 50 °C. Absorption of the samples was measured at
760 nm. The TPC values were expressed as gallic acid equivalents, i.e.
pmo! of gallic acid per 1 g of a sample and predicted from the calibration
model (R? = 0.9989) that was constructed within a calibration range
between 0.088 and 0.294 umol of gallic acid.

22.5. The ORAC assay

In the ORAC assay, which was executed simultaneously in a 96-well
plate, fluorescein was used as the fluorescence probe [27]. 50 L of
fluorescein (4.75 pM) was added to 50 pL of a diluted sample, 50 pL of
a standard (80 uM) or 50 pL of a phosphate buffer (pH = 7.4) and
then incubated for 20 min at 37 °C. Next, a portion of 25 pl of AAPH
(0.0029 M) was introduced into each sample. The initiated reaction
was driven to completion (for approximately 300 min). Excitation and
emission wavelengths were set to 492 nm and 530 nm, respectively.
For each sample, the ORAC value was calculated according to the follow-
ing equation:

Cnmdml Aucumpk; blank

oA = RUCmsagroue © M
where, C,yndara is the Trolox concentration, AUC,,mpie,blank and
AUC, mpie/biank are the areas under the curve that described a de-
crease in the fluorescence intensity observed over time for a sample
or standard and a blank sample and d is the dilution factor. All of the
ORAC values were expressed as Trolox equivalents, i.e. umol of
Trolox per 1 g of dry sample matter (coffee or peppermint).

22.6. Measurements of the excitation-emission fluorescence spectra

In order to eliminate fluorescence quenching, a portion of 200 plL of
the coffee extracts or 50 JL of the peppermint extracts were diluted in
distilled water up to the final volume of 10 mL The fluorophores
contained in a sample were characterized by the EEMs that were col-
lected in spectral ranges. which were characteristic for a particular set
of samples. For the coffee extracts, emission spectra from 330 nm to
700 nm were measured at 2 nm intervals (185 wavelength channels)
at 42 excitation wavelengths from 230 nm to 650 nm every 10 nm.
For the peppermint extracts, the EEMs were composed of 185 emission
wavelength channels (measured from 280 to 650 nm every 2 nm) and
excitation within the range of 220 and 450 nm with a 10 nm interval,

In order to derive the validation parameters of analytical method,
the EEMs of additional samples were registered. Two 2 pl of coffee
and peppermint extracts diluted in up to 10 mL of distilled water
were prepared as nine replicates in order to evaluate the limits of the
detection and quantitation (LOD and LOQ) of a method. To estimate
the repeatability of a method., six replicates of coffee and six replicates
of peppermint extracts (50 pL of extracts diluted in up to 10 mL of
distilled water) were measured immediately after preparation.

3. Results and discussion

The structure of the unfolded EEMs data after scattering correction
was explored using PCA. The first two PCs explained 98.2% and 68.9%
of the total data variance for coffee and peppermint extracts, respective-
ly. On the score plot of the first two principal components, Fig. 2a, two
coffee extracts are located relatively far from the data majority along
the second principal component. They represent different coffee pro-
ducers and different batches of replicate measurements. The score plot
of peppermint extracts, see Fig. 2b, uncovered a group of three distant
samples, which are indicated with *. They all represent spectra of one
sample batch, for which extracts were prepared in triplicate. It is
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Fig. 2. Score plots of the first two principal components. PC | and PC2, or unfolded EEMs
that describe a collection of: a) coffee and b) peppermint extracts. Extreme samples are
marked as * and ».

known that, depending on an outlying character of samples, they can in-
fluence least squares models. For this reason, samples with an outlying
character were included in test sets.

For coffee extracts, since its geographical origin is known, it is possible
to spot a tendency to differentiate between coffee samples collected at
different continents on the PC 1 and PC 4 score plot Along the PC 1. the
samples from Africa can be separated from the remaining continents
(see Fig 3a). PC 4 models the differences between the Asian coffees and
the other ones. The corresponding loading plots, which are presented in
the form of a color map, indicate spectral regions that explain the
chemical differences between the samples (see Fig 3b and c). Each pixel
of a map has a color intensity that is proportional to a loading value.
The interpretation of a color map of the loadings of PC 1 leads to the con-
clusion that coffee samples from Africa are characterized by a relatively
high content of fluorophores that induces a relatively low fluorescence in-
tensity, which can be observed in the dark regions of acolor map. On the
other hand, samples from Asia contain fluorophores that are character-
ized by a relatively large fluorescence in the dark regions of a color map.

The ORAC and TFC values of the same samples were also analyzed. In
the case of the peppermint extracts, a relatively strong linear correlation
between the results from two antioxidant assays was observed with a
correlation coefficient equal to 0.880. For the coffee extracts, the agree-
ment between the results obtained from two assays was rather weak
(the correlation coefficient value was equal to 0.462); however, the
ORAC assay is discussed in the literature as having weak agreement
with otherassays ]25,29]. A more detailed analysis of the total antioxidant
capacity estimated using either the ORAC or the TPC assay did not reveal
extreme samples.
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Fig. 3. PC 1and PC 4 score plot of unfolded EEMs for coffee extracts with the geographical
origin indicated (.. - Asia. * - South America and O - Africa). Color maps of the
loadings presenting the cunm bunon of particular variables to the conaniction of: b) PC 1
and c) PC 2.

To construct the least squares models, training sets were constructed
for the coffee and for the peppermint extracts to cover the range of the
TAC values that incorporated all of the laboratory replicates within the
same subset Thirty samples of coffee extracts and eighteen samples of
peppermint extracts were selected for model sets. The remaining fifteen
and twelve samples formed test sets for the coffee and peppermint
extracts, respectively.

Strona 90



7. Opublikowane badania wiasne

18 J. Orzel M. Daszykowski / Chemometrics and Intelligent Laboratory Systems 137 (2014) 74-81

To construct a PLS model with a satisfactory fit and prediction prop-
erties to describe the ORAC value of coffee extracts, four latent factors
were selected based on the leave-one-out cross-validation procedure.
On the ORAC predicted vs. ORAC observed plot that was constructed
for the optimal PLS model, there are two extreme samples from the
test set (see Fig. 4a). Both samples, marked as x and », were also
found to be extreme based on the score plot. The ORAC parameters of
these two outlying objects are not extreme, thus they can be considered
as outlying in the space of luorescence spectra. Their outlying character
can be explained as a consequence of instrumental fluctuations or unex-
pected laboratory error because their laboratory replicates have small
residuals from the model.

Next, the N-PLS model was constructed for the coffee extracts. Five
factors were found to be sufficient to construct the optimal model. In
Fig. 4b, the ORAC predicted vs. ORAC observed plot, which contains
one extreme object belonging to test set and marked as *, is presented.
It is interesting to note that now for the sample marked in Fig. 4a as »,
the N-PLS model offers a good prediction (a small residual error).

The fits of the optimal PLS and N-PLS models were equai to 331.14
and 445.90 TE, respectively. The prediction errors obtained for the inde-
pendent test set extracts (without outlying objects) were equal to
605.09 and 448.33 TE, respectively.

Additionally, PLS and N-PLS models that described the TPC of the
coffee extracts were constructed. The PLS model contained five latent
factors and the N-PLS model had six latent factors. The same sample, in-
dicated with #:, appeared to be outlying and had large residuals from the
PLS and N-PLS models {compare Fig. 4c and d). The prediction errors for
the models were calculated without this sample. On Fig. 4d, which was
constructed for the six-factor N-PLS model, object » from the test set
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Fig. 4. The PLS and N-PLS madels presented as p. predicted vs.

was also classified as an extreme object with large residuals from the
model. It was not taken into account in calculating the RMSE error. In
Table 1, the fit and prediction properties of the constructed models are
presented.

In order to describe the ORAC and TPC of the peppermint extracts,
additional PLS and N-PLS models were built. The optimal PLS and N-
PLS models to predict the ORAC values required five latent factors and
offered a prediction error for calibration samples equai to 181.08 TE
and 413,21 TE. respectively. On the ORAC predicted vs. ORAC observed
plots, see Fig. 5a and b, no outlying objects were observed. The RMSEP
error for the PLS model, as compared with RMSEP for N-PLS model
(see Table 1), is better. A similar conclusion can be drawn when the fit
and prediction properties are evaluated for the optimal PLS and N-PLS
that was constructed to predict the TPC. It is interesting to note that
for one batch of peppermint for all of the laboratory replicates the TPC
values were underestimated using the PLS and N-PLS models, thus
they considerably influence the RMSEPs of the constructed models.
This may be a consequence of the unique character of a sample. Com-
pared with the colfee samples, the modeling of peppermint seems to
be more challenging because it was difficult to maintain the same struc-
ture of a sample. A visual inspection of the samples gave evidence that
they were different with respect to quality. Some of them contained
an increased number of leaves, while others had stalks and a small
number of leaves.

A more detailed analysis of the multivariate models permitted a con-
clusion to be drawn that for the coffee extracts, the N-PLS for the ORAC
and the PLS for the TPC had the most satisfactory performance, whereas
for the peppermint only the PLS constructed for the ORAC is considered
as having an acceptable prediction error. This can be explained by the
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d plots for model (®) and test set samples (), constructed for: a) and b} the ORAC assay results;

¢} and d) the TPC assay resulrs of coffee extracts. Two extreme samples, included in the test sets, are marked with « and »,
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Table 1

The fir and predicrion properties of the PLS and N-PLS models that described the ORAC and TPC parameters of coffee and peppermint extracts, respectively. The parameters are expressed
asmol of the standard, Le. Trolox and gallic acid for ORAC and TPC. respectively. The error expressed as percentage was calculated with respect ta the sange of the ORAC ar TPC values that

were observed for the calibration samples.

Coflee extracts Pepper mint
Method of model  Number of factory  Fit properties Prediction properties Number of factors  Fit properties Prediction propesties
construcrion wmol of standard % pmol of standard X jsnol of standard = % wmol of standard %
ORAC
PLs 4 3314 454 60509 BA8 5 181.08 254 ®47.74 9.08
N-PLS 5 445.90 625 448731 629 5 41321 579 87891 1232
™
PLS S 0.13 337 027 702 3 269 53 10.90 21.54
N-PLS 6 039 1026 040 1053 3 39 786 13.08 2585

different sample quality and homogeneity. In the case of the coffee
samples, their homogeneity and loss of quality over time was better
controlled than for the peppermint samples. It is very likely that some
of the peppermint samples were stored for a longer period of time,
thus they had a longer contact with oxygen and were affected by the
storage conditions.

3.1. Figures of the merit of multivariate models
The figures of the merit and analytical validation parameters were

calculated for the best models. The sensitivities of the canstructed
models were calculated according to the description provided in |30,
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31) as the inverse of the Euclidean norm of the regression coefficients
that are obtained for a given model

The ratio between the instrumental noise and sensitivity was calcu-
lated and multiplied by 3.3 in order to obtain the LOD for the considered
models, whereas the limits of quantification (LOQ) were calculated as
ten times the ratio values for both models. The figures of merit for
selected models are presented in Table 2.

32. Analytical validation parameters

The repeatability of the proposed methods was expressed as the rel-
ative standard deviation, RSD, of the results obtained for six laboratory
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Fig. 5. PLS and N-PLS models presenied as the parameter predicted vs. parameter observed for model (@) and test set samples (; 1), constructed for: 3) and b) the ORAC assay resuls; ¢) and

d) the TPC assay results of peppenmint extracts.
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Table 2

Figures of merit for the N-PLS model constructed (or the ORAC and PLS muodels that were
constructed for the TPC of the coffee extracts and the PLS model that was constructed for
the ORAC of the peppermint extracts. The figures of merit for the ORAC are expressed as TE
and for the TPC are expressed as GA.

Coffee extracts Pepper mint extracts
Paramerer ORAC T°C ORAC

N-PLS, 5 factors RS, 5 factors PLS, 5 factors
Sensitivity 833 1075 - 555
Selectivity 557 » 10°° 688 » 1071 129 x 102
LOD 8542 0.037 12.58
LoQ 8542 a.378 1258

replicates measured immediately after preparation. The RSD values are
presented in Table 3. '

The analytical limit of detection, LOD, was calculated as the standard
deviation of the concentrations that had been predicted for a set of nine
samples times the critical value of the Student's t-distribution assuming
a confidence level of 95% and eight degrees of freedom., For the coffee
extracts, the LODs were equal to 498.55 TE and 0.285 GA for the ORAC
and TPC, respectively. The LOD calculated of the ORAC model describing
the antioxidant properties of the peppermint extracts was equal to
48894 TE. In the literature, different models that express the total anti-
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The performance of the recently proposed excitation-emission fluorescence method was compared to
the method using infrared measurements for the evaluation of the antioxidant properties of intact
samples and extracts that had been obtained from tomato pastes. The oxygen radical absorbance
capacity assay (ORAC) was applied in order to estimate the antioxidant capacity of the extracts, while the
Folin-Ciocalteu reagent was adopted for the evaluation of the total phenolic content. The optimal
extraction conditions for tomato pastes (three minutes of sonication under 80 C) were determined
using the central composite design. ChemometTic models such as the partial least squares regression and
its N-way variant were further constructed in order to predict the antioxidant capacity or total phenolic
content of the samples using either the IR or fluorescence spectra. The prediction errors that were
obtained for the total antioxidant content were evaluated as the Trolox equivalents from the ORAC assay
and were found to be equal to 2.011 (14.21%) for the fluorescence and 2.426 (17,15%) for the IR spectra,
respectively. The prediction errors of the total phenolic content expressed as gallic acid equivalents were
0.067 (10.78%) for the fluorescence and 0.033 (5.36%) for the IR spectra, which were used as independent

variables in the regression models.

1. Introduction

Antioxidants are vital compounds and their content, which is
expressed as the total antioxidant capacity (TAC) in various Pood
commodities, is a subject of a great interest for researchers and
consumers. The number of scientific papers that deal with the
evaluation of the TAC in different food matrices has been growing
steadily for the past several years. Simultaneously, consumer aware-
ness of the TAC and Its importance as a quality parameter for food
commodities has also increased. Therefore, it is not surprising that the
main goal of organizations like ORAC watch (established in USA) is to
introduce information about the TAC levels on product labels. A major
difficulty in making this information available to the consumer is the
inconsistency of the procedure(s) that are used for evaluating the TAC
All of the procedures are based on the chemical reaction between free
radicals that are deliberately generated and the antioxidants that are

* Corresponding author. Tel.: +48 32 359 1568; fax: + 48 32 259 9978.
£-maiJ address, inddszyk”uvedap!| (M. Daszykowski).

htlp~/d.x.cloi.org/t 0 ulania.2015.U1.026
0039-9MO/t' 2015 Elsevier R.V. All rights reserved.

c 2015 Elsevier B.V. All rights reserved.

contained in the sample being analyzed. This reaction is usually
monitored using a spectrophotometer or fluorometerand the result is
expressed with respect to a selected standard antioxidant (eg., Trolox,
vitamin C or gallic add). Several generators of free radicals, such as
eg. AAPH (2.2'-Azobis(2-amidinapropane) dihydrochloride), ABTS
(2,2'-azino-bis(3-ethylbenzothiazoline-6-sulfbnic add)) or DPPH
(2,2-diphenyl-1 -picrylhydrazyi), are available (1]. Furthermore, meth-
ods based on the reduction of cupric |2] or ferric [31ions are also
used. Differences in the reaction mechanisms between various fiee
radicals and the antioxidants that are contained in a food sample
tesult in the determination of different TAC values. Moreover, the
large variety of available TAC assays and their inconsistencies are not
the only concern. Some authors argue in the literature that the TAC
parameter of a given food commaodity is affected by several external
factors including its geographical origin, the cultivation approach that
was used, the time of harvesting and the type of food processing
4111 Therefore, the TAC of each production batch should be
carefully monitored. Unfortunately, in practice, standard assays
require a substantial amount of solvents and reagents and they
are also expensive, time-consuming and laborious. Therefore, new
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methods that are based on easy-to-perform on-line measurements
that have no requirements for a special laboratory pretreatment with
reagents are greatly desired.

A good candidate is a method based on the multivariate calibra-
tion of IR spectra (non-selective signals with respect to the particular
antioxidant compounds). Lu and Rasco (2012) reported on near- and
mid-IR (12,800-400 cm ™) spectroscopy as a suitable technique to
evaluate the TAC of selected food commodities | 12). That is why the
IR measurements for vegetables [ 13], fruits [ 14, beverages [15], etc.
have been recently proposed as a replacement for conventional
assays. This approach is claimed to be accurate, non-destructive and
o substantially reduce the amount of preparative work that is
required to analyze samples on one hand, while it is sensitive to
the presence of water in the samples on the other. Therefore, the
analysis of either extracts or vegetable and fruit pulps still presents a
challenge. Moreover, the IR radiation is relatively low [ 1G] for fruits
or vegetables with a thick skin or occlusive flesh penetration.

Another promising methodology that uses non-selective fluores-
cence spectra and multivariate modeling has been proposed to
evaluate the TAC of coffee and peppermint extracts {17). Each
sample was excited using radiation at different energy levels
(various excitation wavelengths) and the emission spectrum was
collected for each excitation wavelength, The excitation-emission
fluorescence matrices (EEMs) that were collected are examples of
second order signals and their use can facilitate the calibration of the
constituents of samples (or some specific features like color, ash
content, and sheif life) when interfering compounds are present in
the sample matrix [18,19]. The relatively low prediction errors for
the TAC of the multivariate calibration models that use EEMs (equat
to 6.25% and 9.08% for coffee and peppermint extracts, respectively)
indicate the potential of the proposed methodology. The preliminary
studies were focused only on the water extracts of samples [17],

The aim of this study is to develop a suitable approach for the
determination of the TAC levels of intact food samples that would
allow for the possibility of routine on-line testing. Tomato paste,
which is an integral part of the human diet worldwide, was chosen
as the subject of this study. For the collection of intact samples, EEMs
were registered using a fiber optic probe in a selected UV-vis range.
In order to compare the results that were obtained from EEMs with
those that were obtained from the methodology proposed in the
literature for the IR measurements, the mid-IR spectra (4000-
400 cm ') for the same collection of samples were also registered.
Antioxidant water extraction conditions (time and temperature)
were optimized using the central composite design [20] in order to
guarantee the optimal TAC determination, The TAC parameter in this
study was evaluated using the oxygen radical absorbance capacity
assay, the ORAC assay [21). Even though, there are no strict criteria
for the selection of an assay, the ORAC assay seems to be selected the
most among the assays |22.273). It should be emphasized the TAC of
water extracts discussed in this study refer to the total content of
hydrophilic antioxidants extracted from selected samples.

The total phenolic content (TPC) is another parameter that refers to
the antioxidant content in samples. In this study, the TPC was
determined using the Folin-Ciocalteu reagent [24). Partial least
squares regression, PLSR |25] was used to model the TAC (or TPC) as
a function of the spectra for respective intact food samples In addition,
N-way partial least squares regression models (extension of PLS)
N-PLS [26), were developed for the collection of the EEMs spectra.

2, Experimental

2.1. Origin of the samples

The tomato pastes that are available on the Polish market were
purchased in local stores, They were produced by different producers
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that were located in different production places (nine tomato pastes
originated from Poland, three from Iltaly and one from Croatia). The
packaging materials that were used were also different (jars, cans
and cardboard boxes). A single sample was prepared using the water
extraction of 0.5 g tomato paste under optimal extraction conditions.
Each paste was analyzed in triplicate resulting in a total of 39
samples.

22. Determining the optimal conditions for the extruction procedure

To reduce the amount of hazardous solvents for the environ-
ment, distilled water was used for the extractions. Optimal
extraction conditions were determined using the central compo-
site design, CCD, with two factors (time of sonication and tem-
perature). Five levels were considered for each factor. The ranges

-and coded levels of investigated factors are presented in Table 1.

A total of 20 experiments were carried out In order to evaluate
the pure experimental error rate, experiments with nos. 1-8 were
repeated twice and the experiment at the central point was repeated
four times. The ORAC parameter was the response variable, y. that
was determined in each experiment. In general, the following
quadratic model was considered:

y=bo+b|x|+b;,x;,+b;x','+b4x§+b5x,x;+e (n

Analysis of variance, ANOVA, with the type Il sum of squares was
adopted to determine the significance of each regression coefficient
of the quadratic equation. ANOVA was also used to check the
adequacy of the final model (the significance of lack-of-fit), since
the estimation of the pure measurement error was available,

2.3. Evaluation of the total antioxidant capacity using the ORAC
assay

The oxygen radical absorbance capacity, the ORAC assay [21), is
measured as the damage to a fluorescence probe that is caused by
the free radicals generated from AAPH. Reactions for a sample with
the analytes (antioxidants) and for a sample without analytes are
monitored in parallel and the TAC is evaluated on the basis of the
area between the two curves that are registered.

The ORAC assay was performed using a 96-well plate. Fluoresce
was measured at fixed excitation and emission wavelengths

Tabie 1
Design of experiment.

Run (random  Time Temperature Time coded Temperature

order) (mia)  ('C) (x) coded (x;)
6 5 M 1 -1
3 5 34 -1 -1
16 1 34 +1 -1
n n 34 +1 -1
? 5 72 -1 +1
” 5 72 -1 +1
14 13 72 +1 +1
8 k] 72 +1 +1
5 3 53 -1.414 0
19 3 53 - 1414 0
15 15 53 +1414 [}
1 15 53 +1414 0
2 9 26 0 -1414
4 9 26 0 ~1414
18 9 80 0 1414
1 9 80 0 1414
9 9 53 0 0
20 9 53 4 0
] 9 53 0 0
12 9 53 0 0
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(492 nm and 530 nm, respectively). Fluorescein (4.75 pM) was used
as the fluorescence probe. A probe of 50 uL was mixed with either
50 uL of a diluted extract or with a phosphate buffer (pH=74) of
S0puL as a blank sample or with a standard sample of 50 uL
containing 80 uM Trolox (6-hydroxy-2,5,7.8-tetramethylchroman-
2-carboxylic acid). After 20 min of incubation at 37 'C, 25 pL of
AAPH (0.0029 M) was introduced into each sample. The reaction
was driven to completion (for 6 h). The water soluble analog of
vitamin E—Trolox (6-hydroxy-2,5.7,8-tetramethylchroman-2-car-
boxylic add) was used as the antioxidant standard and the TAC
value was calculated as ymole of Trolox per g of a sample. Trolox
equivalent (TE).

2.4. Evaluation of the total phenolic content using the Folin-
Ciocalteu method

The total phenolic content was determined using the Folin-
Ciocalteu method, which was described in detail in |24]. The
absorbance of a sample is measured after the reaction between the
reagent and polyphenols is completed.

Each 10 mL sample was prepared by diluting a mixture of 500 pL
tomato paste extract, 250 ulL of Folin-Ciocalteu reagent and 1 mL of
saturated Na,CO,. After 30 min of incubation at 50 'C, the sample
was allowed to equilibrate and its absorbance was measured at
760nm. A calibration model (with a correlation coefficient, r, of
0.9999) was constructed for gallic acid (3,4.5-trihydroxybenzoic
acid) in the range of 0.088-0294 pmol and the TPC values for
samples were expressed as the gallic acid equivalents, GAE, (pmol of
gallic acid per g of a sample) Gallic acid is the recommended
standard for this reaction,

2.5. Registration of the fluorescence spectra

In our experiment, a Varian Cary Eclipse fluorescence spectro-
photometer was used to record the spectra of intact tomato pastes
and extracts. The EEMs were recorded at 161 emission wave-
lengths from 280 to 600 nm in a 2 nm interval and 26 excitation
wavelengths in the range of 250 and 500 nm in a 10 nm interval.
The emission intensities of the intact tomato paste samples were
measured with a detector sensitivity of 800 V using a fiber optic
probe that was adjusted to measure solid samples. The excitation
and emission slits were set to 5 nm. The measurements for each
sample were performed in triplicate.

The EEMs for 39 tomato extracts were registered with a detector
sensitivity of 650 V using a standard (10 x 10 mm) quartz cuvette.
Excitation and emission slits were set to 5nm and right angle
geometry was set,

2.6. Registration of the infrured spectra

The IR spectra were recorded for the intact tomato pastes using
a Nicolet iS50 FTIR spectrometer equipped with a ceramic source
(Si3N4) and DLaTGS detector. The attenuated total reflection (ATR)
accessory was equipped with a single bounce diamond (Golden
Gate'™, Specac Ltd.,, UK). The crystal was cleaned with distilled
water and its surface was dried with nitrogen after each analysis.
The background spectrum was registered before each measure-
ment. Spectra were collected in the spectral range of 4000-
400 cm~! at a resolution of 4 cm ™", A total of 64 replicate scans
for every sample were collected and averaged in order to obtain
the final IR spectrum. Three replicate measurements were per-
formed in a random order for each sample.
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3. Multivariate modeling of the spectral data

Preprocessing ol fluorescence and IR signals is required before the
application of any multivariate method in order to extract relevant
information from the data. The quality expressed as the signal-to-
noise ratio for both the IR and fluorescence spectra should be
evaluated first. If this ratio is relatively low, the removal of instru-
mental noise is necessary. Additionally, EEMs require the removal of
the Rayleigh and Raman scattering signals, which are irrelevant from
the chemical point of view and can negatively influence further
chemometric modeling. The matricizing of the excitation-emission
spectra is a necessary step when they are modeled using a classic
exploratory or calibration approach (eg. principal component ana-
lysis, PCA or partial least squares regression, PLSR). For this purpose,
each EEM signal in a matrix form with the dimensions excitation
wavelengths x emission wavelengths is rearranged in a vector form
with the dimensions 1 x (excitation wavelengths x emission wave-
lengthis). Thus, the final data are organized in a matrix with the
dimensions samples x (excitation wavelengths x emission wave-
lengths) by putting all of the sample row vectors together. These
multivariate data can then be analyzed using principal component
analysis |27], which facilitates the exploration and visualization of
the data. In the course of PCA, new variables, which are called
principal components, are constructed by maximizing the variance
of the projected data. Projections of objects on a principal compo-
nent are called scores, while the projections of variables on a
component are called loadings. Plotting the scores of one component
against another (a scores plot) allows for the analysis of any patterns
of the objects (if present), while the respective loadings plot can
provide information about the importance of a particular variable in
the trends that are observed. In our study, PCA was specifically used
in order to see any similarity in the tomato pastes of different origins
(score plots) that were described by their excitation-emission
spectra and to identify the substances responsible for the trends
that were observed in the score plots. The excitation-emission
loadings for each principal component are presented as an image
(see for example Fig. 2b) in order to enhance their interpretability.

Partial least squares regression was used to construct a model
of the TAC or TPC values, y, that was obtained for the water
extracts of the tomato pastes as a function of the excitation-
emission spectra (in a matricized form) and the IR spectra for the
tomato pastes. A PLSR madel is built using a set of a few new
variables that maximize the covariance between the dependent
variable (TAC or TPC) and the explanatory variables (eg. a
collection of spectra) [25]. As was mentioned earlier, the explana-
tory variables can be arranged in a matrix form whether they
represent a simple IR or UV-vis spectra or unfolded EEMs. The N-
way partial least squares regression can be regarded as an
extension of two-way PLSR to model three- or higher-way data.
The N-way models often account for the second order advantage
[28). That is why such a model is more stable in the presence of
new sources of variation.

To construct the PLSR model and to evaluate its performance, the
available data should be divided into the model and test sets [29].
The model set is used to construct the calibration model and to
evaluate its fit, which is expressed as the root mean square error,
RMSE (see Eq. (2)). while the evaluation of the predictive properties
of a model, which is expressed as the root mean square error of
prediction, RMSEP, is performed using the test set:

RMSE(P) = , :; i v-5) @
im 1

In this equation, P is the number of latent PLSR factors, p is the
total number of objects that are included into the model set (or the
test set), y; is the ith (i=1, 2, ..., p) experimental value of the
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response variable, andy, is the ith value of the response variable as
predicted using the constructed model.

Another parameter that characterizes the explained model
variance is the coefficient of determination. D2:

®

where y is the mean value of dependent variable.

4. Results and discussion

Firstly, the central composite design was used in order to find
the optimal extraction conditions. As was mentioned earlier, the
ranges of the temperature and sonication time were considered to
be in agreement with the limitations of the sonication bath. The
second-order model as described by Eq. (1) was fitted to the data
and the significance of the regression coefficients was verified
using the analysis of variance, ANOVA, with the type Ill sum of
squares (see Table 2). The assumed level of significance was 0.05
(P-value < 0.05).

From rhe P-values that ate presented in Table 2. one can conclude
that the regression coefficient of variable Xi. which is associated with
the time effect, is insignificant (P-value > 0.05), but the regression
coefficient that describes its quadratic form is found to be significant
(P-value < 0.05). This suggests a nonlinear dependency of the ORAC
parameter and the extraction sonication time. The final regression
model can be expressed with the following equation:

y = 119.70+ 10.73x2+ 7.22xj - 5.75x2- 5.61x,x2+ f @)

The coefficient of determination, D2, was equal to 0.835. Because
repeated measurements were performed, the residual variance can
be partitioned further into the variance related to the pure measure-
ment error and the variance of lack-of-fit with ANOVA. The model
that is constructed is adequate and useful because the lack-of-fit was
insignificant (P-value > 0.05). The response surface depicted in Fig. 1
shows one saddle point

The largest value of the ORAC parameter was found for the highest
temperature of 80 C and the shortest time of sonication (3 min). This
finding is in agreement with the suggestion of some authors that
sonication and a long time of high temperature exposure may lead to
a degradation of some antioxidant substances [30.311and conse-
quently to a decrease in the antiaxidant capacity values as measured
by the ORAC assay. The optimal conditions were further validated
with additional measurements. The RMSE value was equal to 13.14 TE
(7.97X).

The extractions of antioxidants that were present in the tomato
pastes were carried out under optimal conditions. The ORAC para-
meter was evaluated for each extract and the EEM spectra were
registered. The fluorescence and IR spectra for the intact samples
were collected at the same time. Raw instrumental signals were then
preprocessed prior to multivariate modeling. A visual inspection of
the signals allowed it to be concluded that the signal-to-noise ratio

Table Z
Results of (he analysis of variance with the type H sum of squares.

Sourer of Sum of Degrni of Mean F-value P-value
variation squares freedom squares

3.40 1 3.40 0.070 0.795
*2 184 *1Q1 | 1.84 x 10 37.98 < 0.001
w 476.37 1 476.37 9.822 0.007
Jj 302.16 1 302.16 6.230 0.026
*1#] 251.84 1 251.84 5.193 0.039
Model 3.44> 101 4 860.00 18.91 « 0.001
Residuals 682.36 15 45.49

Mo = .

Time [min]

R*. 1 Response surface that was obtained from the central composite design. A
description of the coded parameters Is presented in Table 1.

was at a satisfactory level for EEMs and IR spectra and that the noise
reduction step was unnecessary. The preprocessing of EEMs con-
sisted of removing the Rayleigh and Raman scattering using the
routine that was described in detail in |32]. Scattering peaks were
detected and removed. Then, the corresponding regions of signals
were interpolated using the Delaunay triangulation. Next, each
excitation-emission matrix with the dimensions 26 x 161 was
unfolded into a vector with the dimensions 1x 4186. The final set
of EEMs was presented into a matrix with the dimensions 39 x 4186.

The PCA score plots of the unfolded EEMs for the extracts of
tomato pastes revealed a clustering tendency. Namely, the samples
from Italy and Croatia (south of Europe), the projections of which
are found along PC 1 axis (see Fig. 2a), can be distinguished.

An analysis of PC 1 loadings was performed after their refolding
to an image that corresponded to the excitation-emission ranges
of the EEMs (see Fig. 2b). The intensity of the color of each pixel is
proportional to its loading value. Cold colors correspond to low
values while hot colors indicate high values. An analysis of the
image allowed for the conclusion that the mixtures that were
studied contain chemical components that exhibit fluorescence of
around 320 nm (excitation around 300 nm). These compounds are
found at relatively high concentrations in the samples of tomato
paste from Poland. A similar fluorescence characteristic is typical
for catechin and epicatechin |33|. Both substances are common
antioxidants that are present in tomatoes |34]. A further analysis
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Emission [nm]

Fig. 2, (a) Projections oF the intact tomato pastes that were described by the EEMs
in the space spanned by PC 1 and PC 2. The samples from southern Europe are
marked with ‘o' and the samples from Poland are marked with «'and (b) a color
image of PC 1refolded loadings. (For interpretation of the references to color in this
figure, the reader is referred to the web version of this article.)

of the image of the PC 1 loadings revealed the activity of
fluorophores in the range of 350-500 nm with an excitation of
around 360 nm. These fluorophores may be caffeic and ferulic
acids. High levels of those fluorophores were round in the samples
that originated from southern Europe. This observation is in the
agreement with the observations that tomato products that were
cultivated under influence of increased UV radiation had 20%
higher concentrations of caffeic and ferulic acids |35|. Differences
in UV radiation conditions are also common for the samples in our
study (i.e. tomato products from southern Europe compared with
those from Poland) |36|. The PC analysis of the IR spectra did not
reveal any interesting data trends.

The IR spectra hold information about the chemical content of
samples. Depending on the band that is analyzed, the water, amino
acids or phenolic content can be evaluated. For the study of the
total antioxidant capacity, the spectral region between 2000 and
900 cm~1is recommended in the literature [12.37|. This spectral
range includes the stretch of phenyl groups and an asymmetric
deformation of methyl and carbonyl groups that are prerequisite
to the chemical structure of antioxidants. That is why, in our study,
the PLSR models for TAC and TPC were constructed using this
particular spectral range. Moreover, these models were compared
to the models that were obtained for the samples that were
described by their entire spectra (see Fig. 3).
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Fig. 3. Mean IR spectrum of the inUct tomato samples. The spectral region
between 2000 and 900 cm 1ls indicated with a dashed line.

In order to include all of the samples with unique characteristics
into the model set. the Kennard and Stone algorithm [38] was used.
Evaluation of the uniqueness of samples that were analyzed was
performed on the basis of mean spectra of the replicates. Thus, the
model set contained 70% of available samples (each described by
three replicates), while the remaining 30% of samples formed the
test set The same routine was applied when modeling the TACas a
function of ether EEMs (or the intact samples and the extracts of
tomato paste) or the IR spectra (in full and reduced spectral ranges).
The spectra of the same samples were selected for the model set in
order to perform the comparison.

Both PLSR and N-PLS models were constructed for the different
sets of spectra: 1) EEMs registered for the extracts from tomato
pastes, 2) EEMs registered for the intact tomato pastes using a fiber
optics probe, 3) IR spectra of the intact samples that were collected
in the range of 4000-400 cm ', and 4) IR spectra of the intact
samples reduced to the spectral range of 2000-900cm-1. The
complexity of the models that were constructed (evaluated using
the leave-one cross validation procedure |29]) and the figures of
merit that were obtained (RMSE, RMSEP and D2) for TAC and TPC,
respectively, are listed in Table 3

The analysis of the figures of merit that are listed led to the
conclusion that the PLSR models that were obtained from the
tomato paste samples in the reduced spectral range of IR (2000-
900 cm ") are similar (or better) to the models that were built for
the model set that was described with the entire IR spectra.

The best result was obtained for the model of the ORAC
parameter as a function of the EEMs (lit and prediction of the model
were equal to 5.87% and 852%, respectively) for the extracts. Higher
errors were obtained for the TAC prediction that was evaluated from
the spectra of the intact samples than from spectra of extracts. The
N-PLS model that was built to predict the TAC value from the EEMs
had much better prediction properties than any model built using
the IRspectra (in the entire or the shortened range), in contrast, the
PLSR models that were built to predict the TPC from IR had lower
errors than both the PLSR and N-PLS that were built using the EEMs.
This was also confirmed by the improved performance of the models
that were constructed for the IR spectra of the intact samples. These
IR models were characterized by two-fold larger values of fit and
prediction than the models that were built for the other type of
spectra, in the Supplementary material section Tables SI and S2
include observed and predicted TACand TPC contents from PLS and
N-PLS models for the studied model and test set samples.
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Table 3

Parameters of the oplimal PLS and N-PLS models constructed 10 evaluate TAC and TPC,

Spectra EEM (extract) EEM (paste) IR (paste)
4000-400 cm ! 2000-900 ¢’
Total antioxidant capacity Method ns N-PLS PLS N-PLS PLS PLS
Complenity 9 10 2 3 6 6
RMSE® 0.830 (5.87%) 1938 (12.70%) 2471 (1746%) 2.485 (17.56%) 1948 (12.77%) 1.401 (9.90%)
[ 0.960 0864 0.650 0537 0.782 0.887
RMSEP 1206 (8.52%) 1.536 (10.86%) 2.575 (1820%) 2011 (1421%) 3398 (24.01%) 2.426 (1715%)
Total [« 7 3 k] 6 5 4
RMSE" 0.037 (593%) 0.194 (3131%) 0.069 (11.10%) 0.049 (8.06%) 0.063 (10.15%) 0.056 (9.08%)
o 0.950 0805 0823 (1311 0853 0382
RMSEP® 0.038 (6.12%) 0.153 (24.81%) 0.067 (10.78%) 0.069 (11.08%) 0.033 (5.36%) 0.033 (5.36%)
* RMSE and RMSEP are exp d as Trolax equiy {umaole of Trolox per g of sample), the percentage errors are computed according to thve range of obtained TAC
values.
® RMSE and RMSEP are expressed as gallic acid equivalents (pmole of gallic acid per g of sample), the percentage ervors are computed according to the range of obtained
TPC values.
5. Conclusions

In this study, a novel procedure that is based on the EEM
measurements was proposed to evaluate the total antioxidant
properties of intact tomato pastes. The N-PLS mode] that was built
to predict the TAC values that were measured with the ORAC assay
using the EEMs presented an acceptable performance in compar-
ison to the calibration models that were obtained for a collection
of the IR spectra. Even though the collection of the EEM signals
requires twice as much tme (around 5 min per sample), the
measurement Is simpler to perform in comparison to the IR
measurement in which the crystal must be cleaned and then
dried with nitrogen before each measurement. Due to the simpli-
city of the measurement, the procedure proposed can be routinely
performed as a quality screening procedure with respect to the
TAC parameter for intact samples. The EEM-based procedure does
not outperform the IR-based method when the total polyphenol
content is evaluated. We have confirmed the observation that has
been reported in the other literature that the IR spectra that are
registered in the range of 2000-900 cm~ ' contain useful informa-
tion about the TPC of samples.
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W publikacji VI przedstawitam sposob oceny catkowitej zdolnosci antyoksydacyjnej
naparé6w herbaty typu rooibos na podstawie chromatograficznych odciskéw palca.
Wykorzystatam dwa typy odciskow palca prébek: nieselektywne chromatogramy
zarejestrowane przy uzyciu wysokosprawnej chromatografii cieczowej sprz¢zonej
z detektorem DAD oraz profile st¢zeniowe zawierajace informacje o dwunastu potencjalnych
substancjach o wlasciwosciach przeciwutleniajacych (kwas fenylopirogronowy, aspalathin,
nothofagin, izoorientyna, orientyna, kwas felurowy, kwercetyno-3-robinobiozyd, witeksyna,
hyperozyd, rutyna, izoviteksyna i izokwercytyna). Jakos$¢ probek wyrazong jako catkowita
zdolno$¢ antyoksydacyjna oceniono stosujagc dwa niezalezne testy — ORAC oraz DPPH.
Uzywajac metody UVE-PLS wybralam potencjalne substancje o wiasciwosciach
antyoksydacyjnych (na podstawie profili stezeniowych) oraz piki chromatograficzne
reprezentujace potencjalne markery tego parametru (na podstawie chromatograficznych
odciskow palca) takie jak aspalalinina i pochodne eriodicytolu. Dla wyselekcjonowanych
danych skonstruowatam modele kalibracyjne (uzywajac metody PLS) umozliwiajace ocen¢
wlasciwosci antyoksydacyjnych naparow herbaty z dokladnoscia taka sama lub lepsza
w porownaniu z modelami zbudowanymi dla danych oryginalnych.
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1. Introduction

ABSTRACT

Models to predict the total antioxidant capacity (TAC)ofrooibos tea infusions from their chromatographic
fingerprints and peak table data (content of individual phenolic compounds), obtained using HPLC with
diode array detection, were developed In order to identify potential antioxidant markers. Peak table data
included the content of 12 compounds, namely phenylpyruvic arid-2-O-glucoside, aspalathin, nothofa-
gin, isoorientin, orientin. ferulic acid. quercetin-3-0-robinobioside, vitexin. hyperoside, rutin, isovitexin
and isoquercitrin. The TAC values, measured using the oxygen radical absorbance capacity (ORAC) and
DPPH radical scavenging assays, could be predicted from the peak table data or the chromatographic fin-
gerprints (prediction errors 9-12%) using partial least squares (PLS) regression. Prediction models created
from samples ofonly two production years could additionally be used to predictthe TAC of samples from
another production year (prediction errors < 13%) indicating the robustness of the models in a quality
control environment. Furthermore, the uninformative variable elimination (UVE)-PL5 method was used
to identify potential antioxidant markers for rooibos infusions. All individual phenolic compounds that
were quantified were selected as informative variables, except vitexin. while UVE-PLS models developed
from chromatographic fingerprints indicated additional antioxidant markers, namely (5)-enodictyol-6-
C-glucoside, (R)-eriodictyol-6-C-glucoside. aspalalinin and two unidentified compounds. The potential
antioxidant markers should be validated prior to use in quality control of rooibos tea.

© 2014 Elsevier B.V. All rights reserved.

Further characterized in terms of specific antioxidant properties
and bioavailability, amongst others.

Total antioxidant capacity (TAC) has become a popular quality
parameter of food products and plant extracts, providing sci-
entists and manufacturers with a convenient tool to compare
products. Studies establishing a link between dietary TAC.as a mea-
sure of antioxidant intake, and health [1.2] serve to support its
wide-spread use. Notwithstanding such a link, knowledge about
the individual antioxidants, contributing to TAC, is required as
the in vivo impact of products may vastly differ due to com-
positional differences. Once identified, the antioxidants could be

« Corresponding author. Tel: +48 32 359 1568: fax: +48 32 259 9978.
E-mail address: niriaszykwHis.edu.pl (M. DaszykowskiX

liltp:>/dx,U0i.0rg/10.101b/j.chroma.iQ14.09.030
0021-9673/© 2014 Elsevier B.V. All rights reserved.

The classical approach to identify bioactive compounds in com-
plex mixtures is by bio-assay-guided Fractionation, a long and
tedious process. Recent papers demonstrated that advanced chro-
matographic fingerprint analysis, combined with chemometric
data analysis, could provide information about potentially active
compounds [3]. This approach has been employed For identifying
antioxidants in plant extracts |4-6].

In the present paper the Focus Falls on rooibos. a popular herbal
tea |7]. Its inclusion in antioxidant tables of various beverages
and food products |8]. combined with evidence that the bever-
age improves the plasma antioxidant status of healthy subjects |9).
merits greater insight into compounds contributing to its antiox-
idant capacity. Previous studies, investigating the antioxidant
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activity of rooibos polyphenols, focused largely on the major com-
pounds, and in particular aspalathin, a novel dihydrochalcone
Z-glycoside {10-13). Modeling of TAC, based on chromatographic
fingerprint analysis, could offer a new approach for identifying new
antioxidant markers.

A prerequisite of such fingerprint analysis is good separation
of peaks as co-elution will decrease information. Chromatographic
data generated with a new validated, high-resolution HPLC-DAD
method {14] and TAC values determined with the oxygen radi-
:al scavenging (ORAC) and 2,2-diphenyl-1-picrylhydrazyl (DPPH)
radical scavenging assays, were used in the present study. Our
first aim was to verify the possibility of predicting the TAC of
rooibos tea infusions directly from the HPLC-DAD chromato-
zraphic data as both quantitative data on selected bioactive marker
compounds and TAC are used by industry as quality control
parameters. Secondly, prediction models using UVE-PLS (uninfor-
mative variable elimination-partial least squares) regression |15]
were used to identify new potential antioxidant marker com-
pounds.

In the current study, both a targeted and non-targeted approach
for analysis of chromatographic data was used. For the tar-
geted approach, the TAC values of rooibos tea infusions were
2valuated from peak table data (content of individual phenolic
compounds). This requires the identification, detection and quan-
tification of compounds selected using published information. For
the non-targeted approach, TAC was modeled based on the chro-
matographic fingerprints, representing a comprehensive phenolic
profile, of rooibos tea infusions. Chromatographic methods have
the potential to provide information about a relatively large num-
ber of chemical compounds (assuming that their separation during
1 chromatographic run is possible). Thus, a large number of poten-
lial antioxidant compounds can be screened at one time. Such a
Jata representation contains a larger amount of potentially rele-
vant chemical information than a peak table, while also eliminating
the need for expensive chromatographic standards. However, raw
-hromatographic fingerprints of complex samples need careful pre-
processing prior to further comparative analysis and/or modeling,
i.e. improvement of the signal-to-noise ratio, baseline elimination
and alignment [ 16]. Prior to the construction of calibration models,
1 detailed exploration of the multivariate chromatographic data
using principal component analysis (PCA) [17] was performed in
order to uncover their structure. Calibration medels based on chro-
matographic data to predict the TAC values of rooibos tea infusions
were developed using PLS [18]. Relevant variables that pin-point
the potential antioxidant marker compounds were selected using
UVE-PLS | 15] for both peak table and chromatographic fingerprint
Jata.

2. Materials and methods
2.1. Sample preparation and chemical analysis

HPLC-DAD and TAC data using the microplate ORAC and DPPH
radical scavenging assays (data designated TACpppy and TACograc,
respectively) for 114 rooibos samples were obtained from a study
described in detail by Joubert et al. |14}, Brielly: A total of 114 pro-
Juction batches of “fermented” (oxidized) rooibos plant material
representing four quality grades (A, B, C and D, where A and D is
the highest and lowest quality grade, respectively) were sampled
during three different production years (2009, 2010 and 2011). The
pasteurization treatment, a processing step in the production of all
commercially available rooibos, was performed on a sub-sample
of each of the 114 samples. Duplicate infusions were prepared for
pasteurized samples and the infusions were analyzed to deter-
mine their TAC and phenolic composition. Duplicate HPLC-DAD
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chromatograms were registered for each infusion. Twelve
monomeric compounds, i.e. the phenylpropenoic glycoside,
phenylpyruvic acid-2-O-glucoside (PPAG), the flavonoid glyco-
sides, aspalathin, nothofagin, isoorientin, orientin, isovitexin,
vitexin, quercetin-3-O-robinobioside, hyperoside, rutin and iso-
quercitrin, as well as ferulic acid. a phenolic acid, were quantified
using the chromatographic data (described in Joubert et al. (2012)
[14]). HPLC-DAD, TACpppn and TACqgac data for the unpasteurized
samples (data not previously reported) were also obtained in the
same manner to create a larger data set.

Precision of the TACpppy assay was determined using three ran-
domly chosen samples. Each sample was analyzed six times on
one microplate, with each value representing the mean for three
wells. The relative standard deviation (%RSD) was calculated for
the six repetitions, and represented the intra-plate precision. This
procedure was repeated for six different plates and ¥RSD calculated
between the six plates, representing the inter-plate precision.

2.2. Data preprocessing

The HPLC-DAD data from 298 to 500 nm at 2 nm intervals (102
wavelengths) for retention time points from 1.7 to 40 min (12,000
sampling points) were exported from OpenLab ChemStation soft-
ware (Agilent Technologies, Waldbronn, Germany) in CSV format
and imported to Matlab (version R2009b, Mathworks, Natick, MA,
USA) for further data processing. A single chromatogram was con-
structed for each injection by calculating the mean absorbance
intensity over the wavelengths obtained. The data set consisted of
912 chromatograms, namely 114 samples each of pasteurized and
unpasteurized rooibos for which duplicate infusions were prepared
and duplicate injections performed.

Prior to data analysis, the chromatograms required signal
preprocessing such as alignment and baseline correction. For align-
ment, a target chromatogram was selected as the one with the
highest mean Pearson’s correlation coefficient with respect to all
of the chromatographic signals [ 19]. In the first step, all the chro-
matograms were aligned with the target using the automated
alignment approach (AA) described in detail by Daszykowski et al.
[20] in order to eliminate peak shifts. For each alignment run, the
number of spline functions was optimized (between 10 and 20) in
order to ensure the satisfactory alignment of most chromatograms.
The chromatographic signals that required an improvement of the
alignment were additionally corrected using correlation optimized
warping (COW) [21).

Elimination of the background component from chromato-
graphic signals was achieved by applying the asymmetric penalized
least squares algorithm [22]. In our study, the first derivative of
the signals was used to trace signal smoothness and the penalty
parameter (A) was set to 10,000. After the alignment of the
signals and baseline correction, the data size was 912 x 12,000,
Aligned and baseline corrected chromatograms were then aver-
aged (two chromatograms registered for duplicate infusions were
averaged according to the sampling points) in order to obtain 228
chromatograms that corresponded to diflerent samples (unpas-
teurized and pasteurized) (the size of the data set was 228 x 12,000
(objects x sampling points)). For further analysis, sampling points
from 1033 to 12,000 were selected to exclude the ascorbic acid
peak (ascorbic acid was added to prevent oxidation of the com-
pounds during HPLC analysis | 14}), giving a Ainal data matrix with
dimensionality of 228 x 10,967. The content of the twelve quanti-
fied phenolic compounds in infusions of pasteurized rooibos was
published in Joubert et al. [ 14]. Additionally, the content of these
compounds in infusions of unpasteurized rooibos was added to the
data set to construct a peak table with a dimensionality of 228 x 12
(samples x concentrations of compounds).
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2.3. Data exploration

Exploration of multivariate chromatographic data is one of the
first steps in chemometric analysis | 23). Its major goal is to uncaver
similarities among samples and variables and to detect samples
that are located far from the majority of the data (the so-called
outliers). The studied data, regardless their representation, were
multivariate and complex. Thus, their exploration required mul-
tivariate exploration and modeling methods. PCA |24] is one of
the most popular multivariate methods that is used to explore
data structure. Multivariate data are decomposed into a set of new
variables called principal components (PCs) using PCA. They are
constructed in order to maximize the description of data variance,
and therefore can be used for visualization of data structure. This
is achieved by the projection of objects and variables onto planes
that are defined by the selected pairs of PCs (the so-called score
and loading plots). When additional information about samples is
available, for instance the corresponding grade, production year,
etc.,one can visualize the possible effect of such factors on the score
projections and uncover the contribution of the original variables
to the data structure that is observed on a score plot by analyzing
the corresponding loadings.

2.4. Multivariate calibration using partial least squares
regression (PLS)

The major goal of this study was to model the relation-
ship between the chromatographic data and the TAC parameter
(TAC =f (chromatographic data)). During multivariate calibration,
regression coefficients, b, which describe the relation between
response variable, y (TAC) and a set of explanatory variables, X
(chromatographic data: a peak table or collection of chromato-
graphic signals) [25], are determined. In general, the calibration
model can be described as:

Yim.1) = Xm.mBn.1) + €(m.1) (1)

where e are residuals from the calibration model, m is the number
of calibration samples and n is the number of variables.

PLS (18] is a standard multivariate calibration method. The PLS
model is constructed using a few new orthogonal variables (also
called the PLS factors) that maximize the covariance between the
PLS factors and response variable(s).

The model is built using calibration samples (also called a model
set). The number of factors included in the PLS mode} (called the
model complexity, /) is evaluated on the basis of the so-called cross-
validation procedure, CV |26).

2.5. Uninformative variable elimination-partial least squares
(UVE-PLS)

The purpose of the uninformative variable elimination-partial
least squares method, UVE-PLS, is to detect uninformative variables
| 15], i.e. the variables that have a high variance but little covari-
ance with a dependent variable. Such variables, when considered
for modeling, increase the complexity of a PLS model and make
its interpretation difficult. In UVE-PLS, the detection of relevant
variables for modeling is based on the stability of the regression
coefficients that are evaluated under model perturbation for real
and artificially added sets of irrelevant variables (drawn from nor-
mal distribution with a very small amplitude). For m calibration
objects, m PLS models of a given complexity are built resulting in
m sets of regression coefficients. Then, for each regression coeffi-
cient its stability is expressed as the mean to standard deviation
ratio. In order to distinguish relevant variables, the stabilities of
their regression coefficients are compared with the stabilities of
the regression coefficients that represent the irrelevant variables.
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Variables with absolute values of stability larger than the absolute
value of stability that is observed for irrelevant variables can be
regarded as informative and thus important in explaining the mod-
eled property. A detailed description of the UVE-PLS method can be
found in Centner et al. [ 15].

3. Results and discussion
3.1. Exploring the quality of TAC data

The TAC of rooibos tea infusions was determined using the
DPPH radical scavenging and ORAC assays as these are two popular
antioxidant assays with different mechanisms (27]. The DPPH radi-
cal scavenging assay is used routinely as a quality control parameter
for rooibos extracts in South Africa, while the ORAC assay is popular
for nutraceutical products in the USA. As illustrated by the his-
tograms in Fig. 1a and b, the TACpppy and TACqgrac values followed
a nearly normal distribution. Ranges for TACpppy and TACogac val-
ues were ca. 1000-3600 umol Trolox equivalents (TE)/L and ca.
5500-14600 pmol TE/L. respectively. Most samples had average
TAC values (regardless of the assay used) and there were no evident
outlying objects.

Further exploration of TACpppy and TACopac values showed
that the samples were normally distributed according to their TAC
properties, regardless of production year, grade or pasteurization
treatment.

In the literature, weak to strong correlations among the TAC
values obtained from different assays are reported [28-31]. In our
study, a relatively good agreement between the two assays was
observed (see Fig. 1¢; r=0.835; p=1.167 x 10-€).

3.2. Exploratory analysis of chromatographic data

Exploration of the chromatographic data was performed using
PCA. Prior to PCA, both sets of chromatographic data were pre-
processed as described in Section 2.2, For the peak table data, the
first two PCs accounted for 78.30% of the total data variance. PCA
compression of the chromatographic fingerprints was similar in its
efficiency. The first two PCs explained 79.24% of the total data vari-
ance. The score plot for the first two principal components of the
chromatographic fingerprints revealed six objects (indicated with
solid and dashed red ellipses) located far away from the major-
ity of the data (Fig. 2a). Four out of the six samples, indicated
with a dashed red ellipse, can be regarded as bad leverage sam-
ples and they may affect the performance of a model [32,33], since
their TAC values were not extreme. These samples were, there-
fore, excluded from the calibration data set. The score plot of the
third and the fourth PCs indicated a differentiation of the sam-
ples according to production year. A differentiation of samples
collected in 2009 and those produced during the following years
(2010 and 2011) was observed along PC4 (Fig. 2b). A detailed anal-
ysis of the corresponding loading plot (Fig. 2c) allowed regions
on the elution time axis of the chromatograms where compounds
sensitive to production year elute, to be detected. In this manner,
orientin, isoorientin, hyperoside and quercetin-3-O-robinobioside
were found to be year-dependent compounds, which differentiated
the samples produced during 2009 from those produced in 2010
and 2011. Previously, the production year was found to significantly
(p <0.05) affect the isoorientin, hyperoside, isovitexin, nothofagin
and PPAG content of pasteurized rooibos tea infusions [14]. The
major phenolic constituents of rooibos tea infusions are isoori-
entin and orientin (>10mg/L), with quercetin-3-O-robinobioside.
PPAG, and aspalathin present at >5mg/L | 14]. Isovitexin, vitexin,
and hyperoside are present at <3 mg/L. while rutin, ferulic acid,
and isoquercitrin are present at <2 mg/L and nothofagin is present
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Table 1
Fit and prediction ervors obtained from PLS* and UVE-PLS" models.

Data PLS* UVE-PLS®

Model complexity Fit Prediction Model complexity Fit Prediction
Trolox equivalents % Trolox equivalents % Trolox equivalents % Trolox equivalents %

DPPH models

Peak table G 241 954 274 978 4 244 967 280 1.1

Fingerprints 6 178 7.05 237 938 4 225 891 235 9.31

ORAC models

Peak table 6 1016 1m1 1079 118 3 1062 1.3 1057 116

Fingerprints 6 828 9.06 1020 12 3 990 108 1021 1.2

? Partlal least squares.
b Uninformarive variable elimination-partial least squares.

at <1 mg/L [14]. A detailed analysis of additional score plots did
not uncover any trends with respect to quality grade or pasteuriza-
tion process. Previously, the pasteurization process [ 34] and quality
grade [14] were shown to affect the phenolic composition of rooi-
bos tea infusions. However, it is important to emphasize that PCA is
an unsupervised technique that reveals differences among groups
of samples only when these differences are associated with the axes
that express large data variability. Therefore, a certain effect will be
uncovered on a score plot only if it is directly associated with the
variance that is explained by the selected PCs.

Neither outlying objects nor obvious trends were observed
(data not shown) on the score plots that were constructed for the
peak table data. The significance of the treatment effects (produc-
tion year, quality grade and pasteurization) was tested previously
using the ASCA approach (analysis of variance combined with a
simultaneous component analysis) and is discussed in detail by
Stanimirova et al. [35].

3.3. Modeling of TAC

The next step in the study was to model the TAC using chromato-
graphic data. Before the construction of multivariate calibration
models, samples were divided into calibration and test sets using
the Duplex algorithm [ 3G]. Such a strategy ensures the uniform dis-
tribution of objects over the model space and allows samples with
unique characteristics to be included in both the model and test
sets. Thus, the fit and prediction errors obtained on the basis of the
sets selected with the Duplex algorithm are reliable error estimates
that characterize the constructed calibration model.

For modeling based on the peak table data, 178 and 50 samples
were included in the model and test sets, respectively (see Sup-
plementary Table S1 for characteristics of the model and test sets).
For chromatographic fingerprint modeling, the model set contained
174 samples and the test set 50 samples.

Supplementary Table S1 related to this article can be
found. in the online version, at http://dx.doi.org/10.1016/j.chroma.
2014.09.03.

The TACpppi; and TACorac Values were modeled separately using
the peak table data and chromatographic fingerprints. The opti-
mal complexities of four constructed PLS models were determined
using the leave-one-out cross validation procedure. The perfor-
mance of the optimal models is expressed as root mean square error
(RMSE) and root mean square error of prediction (RMSEP) and they
are summarized in Table 1, The fit and prediction properties of the
PLS models that were constructed for chromatographic fingerprints
were comparable with those obtained for the peak table data. The fit
for all models were between 7.05 and 11.1%, while prediction errors
were between 9.38 and 11.8%. The calibration models for TACpppxt
values (prediction error < 10%) showed superior performances to
those of the models that were constructed for TACogac values (pre-
diction error < 12%). This is reflected in less scatter of the samples
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(included in the calibration and test sets) as is shown for the y pre-
dicted vs. y observed plots (Fig. 3). A possible explanation is that
the ORAC assay is more sensitive, but at the same time less selec-
tive than the DPPH radical scavenging assay as observed for the
on-line HPLC-antioxidant assays |37]. Additionally, the TACpppy of
rooibos food ingredient extracts showed a significant correlation
(p<0.001) with the total quantified phenolic compound content,
while the same was not observed for TACgorac (p = 0.05) [38). The
mean intra- and inter-day precision of the ORAC protocol used
in this study was reported as %RSD (relative standard deviation)
<15% |39}, while the DPPH assay had a higher precision with ¥RSD
<5%. This indicates that the prediction errors obtained using PLS
were in the same range as experimental error for the respective
assays.

The regression coefficients of the constructed calibration model
represent the contribution of particular variables to the mod-
eled TAC (see Supplementary Fig. S1 for regression coefficients
of constructed models), however, due to problems associated
with interpretability of regression coefficients for PLS models as
described by Brown and Green [40], they were not used to detect
potential antioxidant markers.

Supplementary Fig. 51 related to this article can be found, in the
online version, at http://dx.doi.org/10.1016j.chroma.2014.09.030.

The UVE-PLS approach was used in order to identify com-
pounds with a large contribution to the modeled TAC (Table 2),
which may be further investigated as potential antioxidant mark-
ers. Informative variables were retained from the peak table data
and chromatographic fingerprints with respect to the TAC values
obtained from the two TAC assays (assuming 100% of confidence).
Nine compounds were detected as important variables to explain
TACpppn using the peak table data, namely PPAG, aspalathin,
nothofagin, isoorientin, orientin, hyperoside, rutin, isovitexin and
isoquercitrin (Table 2). Restricting further PLS modeling only to
informative variables resulted in a decrease in the initial model
complexity (from six to four PLS factors) without a substantial
loss of model performance (model fit and prediction properties)
(Table 1), A similar tendency was observed for the UVE-PLS model
that was constructed for the peak table data and TACogac Values.
In this case, the relevant compounds selected were nothofagin,
quercetin-3-0-robinobioside and orientin (Table 2). Comparing the
two subsets of selected compounds, two compounds were simulta-
neously indicated as uninformative. Regardless of the specific assay
that was used to determine the TAC, ferulic acid and vitexin did not
appear to contribute to the prediction of the TAC values when using
the peak table data.

The variables that were retained from the UVE-PLS models
constructed using chromatographic fingerprints and TACpppy OF
TACorac data are marked as red circles in Fig. 4a and b, respec-
tively. A large number of informative variables were detected lor
the DPPH (213)and ORAC (126) models using the chromatographic
fingerprints. The optimal number of factors for the new PLS models
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Fig.3. The PLS models presented as y predicted vs.y observed lor model (@) and test set samples (Z). constructed [or (a) and (c) peak table data and {b) and (d) chromatographic

ingerprints. TACoeru [(3) and (b)) and TACoac [(C) and (d)] were dependent variables.

was smaller compared to that of the initial PLS models. The per-
formances of the PLS models that were constructed for a limited
number of variables are presented in Table 1. The variables detected
as informative for the DPPH radical scavenging and ORAC assays
when using chromatographic fingerprints were compared with a
published chromatogram of a rooibaos tea infusion and correspond-
ing compounds as identified or tentatively identified by Beelders
2t al. [41]. For the DPPH radical scavenging assay, informative
variables corresponded to peaks of (S)-eriodictyol-6-C-glucoside,
‘R)-eriodictyol-6-C-glucoside, aspalathin, ferulic acid, aspalalinin,
rutin, and isovitexin, as well as some regions of the chromatogram
presumed to correspond to unidentified polymeric compounds
'22-35min) (Fig. 4a; Table 2). For the ORAC assay, on the other
hand, informative variables corresponded to peaks of two unidenti-
fied compounds (b and f), aspalathin, aspalalinin, and isoquercitrin,
s well as some regions of the chromatogram presumed to corre-
spond to unidentified polymeric compounds (22-35 min) (Fig. 4b;
Table 2). Informative variables selected for both assays using
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chromatographic fingerprints were aspalathin, aspalalinin and
regions corresponding to unknown polymeric compounds.

The compounds identified as important for predicting the
TACprpn and TACopac using the peak table and chromatographic
fingerprints (Table 2) can be considered as potential antioxi-
dant markers. Among the 12 major compounds in the peak
table, only vitexin was not selected as an informative variable
in any of the UVE-PLS models. Additional potential antioxi-
dant markers could be identified using the chromatographic
fingerprints, namely (§)-eriodictyol-6-C-glucoside, { R)-eriodictyol-
6-C-glucoside, aspalalinin and two unidentified compounds.
Among the potential antioxidant markers identified in this
manner, aspalathin, ferulic acid, rutin, isovitexin, isoquercitrin, (S)-
eriodictyol-6-C-glucoside and (R)-eriodictyol-6-C-glucoside, have
been shown to be antioxidants | 10-13.42]. Although the nature
of the polymeric fraction remains unknown to date, it has been
shown to inhibit lipid peroxidation in lipid peroxidation assays
143]. However, no information on the antioxidant activity ol
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Table 2

Informative variables selected (x) using UVE-PLS* for models built [rom peak table
dara and chromatographic fingerprints for TACpeey" and TACcaac” of rooibos tea
infusions.

Table 3

Performance of PLS’ models for predicting TACpeen* of rooibos lea infusions from
chromatographic fingerprints constructed for samples obtained during three con-
secutive production years (2009, 2010, and 2011).

Compound nr - Compound TACpeen® TAConac”

Peak CF  Peak CF
table table

-

Phenylpyruvic X
acid-2-0-glucoside
Aspalathin
Nothofagin
Isoorientin
Orientin

Ferulic acid X
Quercetin-3-O-robinobioside x
Vitexin
Hyperoside
10 Rutin

n Isavitexin

12 Isoquercitrin
a (S)-Eriodictyol-6-C-glucoside X
b Unidentified compound x
[4 {R)-Eriodictyol-6-C-glucoside
d Aspalalinin
e

f

= X K X

COUAL A WN

LI
x

Unidentified polymers
Unidentified compound

LRI
-

* Uninformative variable elimination-partial least sq

b Total antioxidant capacity determined using the DPPH radical scavenging and
ORAC assays.

¢ Chromatographic fingerprints.

a 60 T T v v . v
> 40 DPPH assay |
@
c
g2
£
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Fig. 4. A mean chromatographic fingerprint with regions containing the relevant
variables selected using the UVE-PLS model constructed lor TACpsey and TACogac
values indicated [peak nrs correspond to those in Table 2]. (For interpretation af the
references to color in this figure legend, the reader is referred to the web version of
this article.)

Production year  Model complexity  Fit Prediction

RMSE" % RMSEP %
2009 5 152 9.01 198 11.7
2010 S 219 871 2N 9.19
2011 5 179 748 1N 714

* Partial least squares.

® Toral antioxidant capacity determined using the DPPH radical scavenging assay.
< Root mean square error.

4 Roel mean square ervor of prediction.

PPAG, quercetin-3-O-robinabioside, aspalalinin and the unidenti-
fied compounds is available. PPAG is not expected to be an active
antioxidant as it lacks the phenolic structural features that are
required for free radical scavenging ability. Its contribution to
the UVE-PLS model is thus likely solely because its concentration
showed a similar trend as TACpppy. Quercetin-3-O-robinobioside,
on the other hand, could be expected to display free radical activity
as it fulfills several of the structural requirements of antioxi-
dants shown for other quercetin-3-0O-glycosides such as rutin,
isoquercitrin and hyperoside | 13]. Validation of the selected poten-
tial antioxidant markers will be required.

Bearing in mind the satisfactory results that were obtained with
modeling using only informative variables of chromatographic fin-
gerprints, additional models were constructed in order to evaluate
the possibility of their application. Only TACpppy data were used
for modeling because they offered a performance comparable to
modeling of TACgrac.

Firstly, the prediction properties of PLS models that were con-
structed using samples produced during a specific production year
were evaluated. The number of samples collected in 2009, 2010 and
2011 is equal to 39, 38 and 35, respectively, thereby giving 78, 79
and 70 samples (representing pasteurized and unpasteurized sub-
samples in each case). PLS models were constructed using ca. 70%
of the samples (from a given production year). The prediction prop-
erties of the models were evaluated using the remaining samples
from the same production year (Table 3).

By analyzing the results obtained from the calibration models,
it can be concluded that the TAC of the samples produced during
one production year can be evaluated with an acceptable prediction
error (at most 11.7% for a test set).

Next, the possibility of the routine application of the calibration
model that was constructed for the samples produced during one
production year to predict the TAC of the samples collected during
another production year was examined (Table 4), considering that
the chemical composition of plant material strongly depends on
environmental factors that vary from year to year, e.g., weather
conditions, light intensity, etc., as reviewed for Camellia sinensis
by Tounekti et al. [44]. In such a case, all year-dependent sources
of variance must be represented by samples that are included in

Table 4
Fit and prediction properties of PLS* models constructed for predicting TACoren" values of rooibas tea inf from ch phic fingerprints using samples collected
during two out of three production years.
Samples included in the model set Samples included in the test set Model complexity Fit Prediction
RMSE" b 9 RMSEP? x
2008 and 2010 2011 4 223 8.83 255 10.9
2009 and 2011 2010 5 200 7.92 279 11.0
2010 and 2011 2009 4 203 8.04 326 129

4 Partial least squares.

b Total antioxidant capacity determined using the DPPH radical scavenging assay.
¢ Rool mean square error.

¢ Root mean square ervor of prediction.
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the calibration set in order to construct a calibration model wnth
aptimal properties.

In all three modeling scenarios, PLS models were well fitted and
their prediction properties were slightly higher compared with the
PLS models that were constructed for the samples collected dur-
ing a particular production year only. It can be concluded that the
prediction of the TAC can be performed for samples from the same
production year with satisfactory results. Accurate prediction of the
TAC of samples from a given production year based on the model
constructed using samples produced during another production
year is also possible.

1. Conclusions

UVE-PLS modeling of chromatographic data and TAC of rooibos
infusions indicated a number of potential antioxidant mark-
ars. All quantified compounds, except vitexin, were indicated
s informative, while analysis of chromatographic fingerprints
afforded additional antioxidant markers, namely (5)-eriodictyol-
5-C-glucoside, (R)-erlodictyol-6-C-glucoside, aspalalinin and two
unidentified compounds. Antioxidant markers selected in this
manner should be validated by determining their antioxidant activ-
ity in the DPPH and ORAC assays. Such validation will entail
purification of several compounds that are not available commer-
cially and identification of unidentified compounds using mass
spectrometry and nuclear magnetic resonance. After validation, the
antioxidant markers will be invaluable for quality control of rooi-
bos tea and nutraceutical and food ingredient extracts from rooibos
tea. HPLC fingerprint data of rooibos infusions will not normally be
used to predict TAC values due to the effort and expense involved.
However, in cases where levels of specific compounds in roaibos
infusions or products are needed for quality control, the available
chromatographic data could be used to predict their TAC, as less
chemical waste will be generated.
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Stellenbosch, South Africa, 25 September 2014
Theresa Beelders
Department of Food Science
Stellenbosch University

Stellenbosch, South Africa

Hereby, 1 declare that my contribution in scientific paper entitled: Modeling of the
total antioxidant capacity of rooibos (Aspalathus linearis) tea infusions from
chromatographic fingerprints and identification of potential antioxidant markers, accepted
for publication in Jounal of Chromatography A mostly concerned:

e Optimization of chromatographic conditions

e Samples preparation

o Chemical analysis of samples

* Analysis of chromatographic signals to obtain quantitative data
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Stellenbosch, 25 September 2014
André de Villiers
Dcpartment of Chemistry and Polymer Science
Stellenbosch University
Stellenbosch, South Africa

Hereby, 1 declare that my contribution in scicatific paper entitled: Modeling of the
total antioxidant capacity of rooibos (Aspalathus linearis) tea infusions from
chromatographic fingerprinis and identification of potential antioxidant markers, accepted
for publication in Journal of Chromatography A mostly concerned:

o Optimization of chromatographic conditions
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Stellenbosch, South Africa, 25 September 2014
Christinan J. Malherbe
Post-Harvest and Wine Technology Division
Agricultural Research Council, Infruitec-Nietvoorbij
Stellenbosch, South Africa

Hereby, 1 declare that my contribution in scientific paper entitled: Modeling of the
total antioxdant capacity of rootbos (Aspalathus linearis) tea infusions from
chromatographic fingerprints and identification of potential antiaxidant markers, accepted
far publication in Journal of Chromatography A mostly concerned:

e Samples preparation
¢ Chemical analysis of samples

Author’s signature
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Katowice, 17.11.2014

prof. dr hab. Beata Walczak
Instytut Chemii
Uniwersytet Slaski

ul. Szkolna 9

40-006 Katowice

QOfwiadczam, 2e w artykule pt. Modeling of the toral antioxidunt capacity of renibos
(Aspalathus lincaris) tea infusions from chromatographic fingerprints and identification of
potential untioxidunt markers, opublikowanym w czasopismie Journal of Chromatography A,
1366 (2014) 101-109 méj wkilad polegal na przygotowaniu danych chromatograficznych do
analizy omz merytorycanej dyskusii hipotez badawezych i uzyskanych wynikdw.
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8. Badania wlasne nieopublikowane

Antyoksydanty to zwiazki chemiczne wykazujace zdolnos$¢ do opéznienia dziatania wolnych
rodnikéw (niezwykle aktywnych form chemicznych, powodujgcych degradacje wielu
materiatbw w tym podstawowych budulcow organizméw). Wiasciwos¢ ta wyrazona dla
probki w sposéb globalny — wykazywana przez wszystkie antyoksydanty w niej zawarte —
nazywana jest catkowita zdolnoscia antyoksydacyjna probki (ang. total antioxidant capacity,
TAC). Najpopularniejsze metody uzywane do oceny tego parametru to tzw. testy
antyoksydacyjne. Sa one oparte na reakcji chemicznej pomi¢dzy wolnymi rodnikami
(generowanymi w sposob sztuczny i kontrolowany) i antyoksydantami zawartymi
w probkach. Reakcja jest kontrolowana z uzyciem prostych technik instrumentalnych
(spektrometrie UV-Vis i fluorescencyjna sa najbardziej popularne), a zawartosé
antyoksydantow  wyrazana jest w gramach wybranej substancji wzorcowej
(najpopularniejszymi wzorcami sg Trolox, witamina C i kwas galusowy). Stosowane sg rozne
generatory wolnych rodnikéw np. AAPH (2,2'-diazobis(2-amidinopropano) dihydrochlorek),
ABTS (kwas 2,2'-azo-bis(3-etylobenzotiazolino-6-sulfonowy)) lub DPPH (2,2-diphenylo-1-
pikrylohydrazyl) [122], dostgpne s3 takze metody oparte na redukcji jonéw miedzi lub
zelaza [123,124]. Roéznorodno$é mechanizméw reakcji pomigdzy wolnymi rodnikami
i antyoksydantami powoduje, ze warto$ci TAC wyznaczone dla tego samego produktu,
roznia si¢ w zaleznosci od uzytego testu. Parametr moze by¢ zréznicowany ze wzgledu na
pochodzenie geograficzne, sposob uprawy czy sposob przetwarzania. Niestety dostgpne
metody oceny TAC sg czasochlonne i wymagaja uzycia licznych odczynnikéw chemicznych
przez co sg trudne do zastosowania rutynowego, np. w badaniach typu on-line. Dlatego tez
potrzebne sa nowe metody, ktére w sposéb efektywny i automatyczny umozliwia ocene
zawartosci antyoksydantow.

Nieselektywne sygnaly analityczne takie jak widma rejestrowane w zakresie podczerwieni,
fluorescencyjne obrazy czy chromatogramy umozliwiaja rejestracje odpowiedzi detektora
zwigzang z obecnoscia w probkach substancji o wilasciwosciach antyoksydacyjnych.
Opracowalam metodyke analityczng opartg na nieselektywnych sygnalach analitycznych
z pomocg ktdrej mozna dokona¢ w sposob efektywny oceny tego parametru. Szczegdlowy
opis proponowanego rozwiazania przedstawiam w publikacjach IV i V. Oprécz naparéw
kawy, naparéw migty pieprzowej i past pomidorowych badania przeprowadzitam réwniez dla
innych rodzajéw ziét — bazylii i oregano, a takze dla suplementdw diety w postaci tonikow
witaminowych. Ponizej przedstawiam uzyskane dla tych produktéw wyniki. Nie zostaty one
opublikowane, nie mniej jednak sa integralng czgscia zrealizowanych badan i wnoszg istotng
wiedz¢ na temat proponowanego rozwiazania.

Badania realizowatam w ramach projektu badawczego Preludium, finansowanego przez Narodowe
Centrum Nauki pt. Fluorescencyjne krajobrazy w polgczeniu z metodami chemometrycznymi jako
potencjalne  narzedzie do  wyznaczania  calkowitej]  zdolnosci  antyoksydacyjnej,
nr 2011/03/N/ST4/00713, ktérego bytam kierownikiem.
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Efektywnos¢ oceny catkowitej zdolnosci antyoksydacyjnej na podstawie
fluorescencyjnych obrazow dla probek bazylii, oregano oraz suplementow diety

Probki suszonych ziét: bazylii (11 rodzajéw od rdéznych producentéw) i oregano
(12 rodzajow od réznych producentéw), zakupttam w lokalnych sklepach. Ekstrakcje
antyoksydantéow do fazy wodnej przeprowadzitam podobnie jak w przypadku migty
pieprzowej (szczegétowy opis w publikacji V). Dwa gramy suszu zalewalam 50 mL wody
destylowanej o temperaturze 95 °C i poddawatam ekstrakcji przez 15 minut. Przefiltrowany
ekstrakt przechowywatam w temperaturze -20 °C az do dalszej analizy.

Kolejne probki zbadane pod katem zdolnosci antyoksydacyjnych to 8 rodzajéw suplementow
diety zréznicowanych pod wzgledem zalecen stosowania. Ze wzgledu na ptynng postaé nie
wymagaty one przeprowadzenia dodatkowej ekstrakcji antyoksydantéw do fazy ciekte;j.

Postepujac zgodnie z opracowana procedura dla kazdego ekstraktu (lub toniku
witaminowego) wykonalam trzy replikaty laboratoryjne. Zarejestrowatam fluorescencyjne
obrazy w zoptymalizowanych dla badanych probek zakresach spektralnych (Tabela 1).
Kazdy replikat zostal oceniony pod wzgledem zawartosci antyoksydantéw przy uzyciu
testu ORAC.

Tabela 1 Zakresy spektralne w ktorych rejestrowane byty fluorescencyjne obrazy probek

Wzbudzenie Emisja

Rodzaj probki
Zakres [nm] A [nm] Zakres [nm] A [nm]

Ekstrakty bazylii 220-450 10 280 - 650 2
Ekstrakty oregano 220 —450 10 280 - 650 2
Suplementy diety 230 — 550 10 300 - 650 2

Fluorescencyjne obrazy przygotowalam do analizy usuwajac linie rozproszenia
promieniowania elektromagnetycznego oraz rozwijajac sygnaly w posta¢ wektorowa
(do konstrukcji modeli PLS). Dane podzielitam na zbiory modelowe i testowe uzywajac
algorytmu Kennarda i Stonea [22]. Na podstawie uzyskanego zestawu danych
skonstruowatam modele kalibracyjne, w ktorych jako zmienna zalezng uzywatam wartos$ci
parametru ORAC wyznaczonego dla kazdej probki.

Dla prébek ziot lepsze wyniki modelowania parametru ORAC uzyskalam uzywajac do
konstrukcji modeli metody PLS (w poréwnaniu z modelami N-PLS). Optymalna, ustalona
przy uzyciu metody walidacji krzyzowej kompleksowos¢ modelu dla prébek oregano wynosi
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pig¢ czynnikow i pozwala skonstruowa¢ model, w ktérym sredni kwadratowy blad
dopasowania modelu wynosi 4,30% natomiast Sredni kwadratowy blad przewidywania jest
réwny 9,60%. Cztery czynniki s3 wystarczajace aby skonstruowa¢ model umozliwiajacy
kalibracj¢ parametru ORAC dla probek bazylii o bl¢dzie dopasowania réwnym 7,00% oraz
bledzie przewidywania réwnym 18,50%. W przypadku modelowania zdolnosci
antyoksydacyjnej suplementéw diety uzyskane bledy dopasowania i przewidywania dla
modelu PLS z siedmioma czynnikami (liczba czynnikow wybrana ta sama metoda walidacji)
byly wyzsze niz 20%.

Parametr dopasowania charakteryzujacy model skonstruowany dla probek oregano jest na
zadowalajaco niskim poziomie, podobnie jak jego wiasciwosci przewidywania. Nie mniej
jednak, dwukrotnie wyzsza wartos¢ btedu przewidywania w stosunku do bi¢du dopasowania
wskazuje na konieczno$é zwigkszenia liczby probek, a co za tym idzie mozliwych zrédet
wariancji, jezeli rozpatrywany model miatby by¢ stosowany rutynowo. Ze wzgledu na
ograniczong liczb¢ dostgpnych komercyjnie rodzajéw oregano (réznych pod wzgledem
producenta) powigkszenie liczby analizowanych prébek byto niemozliwe.

Niestety, modele skonstruowane dla probek bazylii i suplementéw diety, mimo wyboru
optymalnej liczby czynnikéw, charakteryzuja sig¢ stosunkowo wysokimi wartosciami biedow
przewidywania (powyzej 18%). Sa one zbyt wysokie aby stwierdzi¢ zadowalajacy efekt
modelowania parametru ORAC. Przyczyna takich obserwacji moze by¢ zbyt duze
zréznicowanie probek uzytych w eksperymencie. Suszona bazylia charakteryzowala sie
skrajnymi réznicami pod wzgledem zawartosci czgsci roslin w dostgpnych komercyjnie
produktach (od probek skladajacych si¢ wylacznie z suszonych lisci do takich ktére zawieraty
wigkszos¢ todyg). Niestety ze wzgledu na ograniczona dostgpnos¢ probek nie mozna byto
zawezic eksperymentu do tych, ktore charakteryzowaty si¢ podobnym sktadem jako$ciowym
(liczba probek ktore stanowilyby podstawe konstrukcji i oceny modelu bylaby
nieakceptowanie niska). Podobnie, dostgpne komercyjnie probki tonikow witaminowych sg
wysoce zroznicowane zarowno pod wzgledem skladu chemicznego (ilosciowego
i jakosciowego) jak i wihasciwosci fizycznych (rézny kolor i stopien zmetnienia). Btedy
powyzej 20%, ktoére charakteryzuja zbudowany model, sg efektem tak duzych réznic
w badanych prébkach.

Pomimo negatywnej oceny modeli dla oregano, bazylii i suplementéw diety poczynione
obserwacje nie dyskredytuja proponowanej metodyki w kontekscie badania tego typu probek.
Jezeli rozpatrywane jest zastosowanie rutynowe mozna regulowaé jednorodno$é probek,
zwlaszcza jezeli mialyby to by¢ badania prowadzone w sposéb ciagly w jednym zakladzie
produkcyjnym.
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Wyniki zrealizowanych przeze mnie badan dowodza, ze nieselektywne sygnaly analityczne
sa dobrym nosnikiem chemicznej informacji. Informacja ta moze w efektywny sposéb by¢
wykorzystywana do oceny zréznicowanych parametrow bedacych wyznacznikiem jakosci
wielu produktow, zwlaszcza jezeli parametr opisujacy jakos¢ produktu jest zalezny od
zawartosci roznych komponentéw chemicznych.

Uzyskanie istotnej informacji z sygnatow nieselektywnych jest mozliwe dzigki zastosowaniu
odpowiednio dobranych do problemu analitycznego metod chemometrycznego
przygotowania, analizy i interpretacji danych wieloparametrowych.

W niniejszej pracy przedstawilam studium trzech probleméw oceny jakosci produktow,
w ktorych wykorzystatam nieselektywne sygnaty analityczne i narzgdzia chemometryczne.

Problem I

Ocena jakosci cukru ze wzgledu na jego zabarwienie i zawarto$¢ popiotu.

W zrealizowanych badaniach wykorzystatam sygnaly i informacje o parametrach jakosci
opisujace probki uzyskane przez grupe¢ prof. Rasmusa Bro z Uniwersytetu w Kopenhadze.

Opracowana metoda zostala oparta na pomiarach nieselektywnych fluorescencyjnych
obrazow probek. Stabilny model PRM umozliwit efektywna kalibracj¢ wybranego parametru
charakteryzujacego jako$¢ cukru na podstawie widm fluorescencyjnych z bledami
przewidywania dla probek testowych réwnymi 3,24% oraz 4,37% odpowiednio dla
parametru opisujacego barwe oraz zawartosci popiotu.

Problem II

Ocena jakosci oleju napgdowego o obnizonej akcyzie ze wzgledu na:

a) zgodnos$¢ poziomu st¢zenia dodatkow akcyzowych (Solvent Red 19 i Solvent
Yellow 124) z wymaganiami stawianymi przez rozporzadzenia Ministerstwa
Finanséw Rzeczpospolitej Polskiej,

b) mozliwos¢ poddania probki oleju procedurze nielegalnego usuwania dodatkéw
akcyzowych na drodze sorpcji.

Zaprojektowatam i przeprowadzitam modelowy eksperyment, w ktorym do oleju
nap¢dowego wprowadzatam dodatki akcyzowe w zréznicowanym st¢zeniu. Nast¢pnie probki
poddatam symulacji nielegalnego procesu. Dla kazdej z probek (przed i po usunigciu
komponentdw) zbadatam wiasciwosci fluorescencyjne w postaci fluorescencyjnych obrazow.
Widma probek barwionych uzylam do konstrukcji modeli kalibracyjnych (PLS), ktore
charakteryzuja si¢  satysfakcjonujacymi  wartosciami  parametréw przewidywania
i dopasowania. Ze wzgledu na aspekt analityczny opracowanej metody wyznaczylam jej
podstawowe parametry walidacyjne.
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Fluorescencyjne obrazy probek odbarwionych uzylam do zbudowania modeli
dyskryminacyjnych (D-PLS). Model, w ktérym kryterium dyskryminacyjnym jest zawarto$¢
markera — Solvent Yellow 124 umozliwia poprawna w 100% dyskryminacj¢ probek
zawartych w niezaleznym zbiorze testowym.

Proponowane rozwiazanie zostalo zgloszone do ochrony patentowej — zgloszenie
nr P.339194, data zgloszenia 16.05.2012 r., tytut zgloszenia: Sposob rownoczesnego
lub pojedynczego oznaczania zawartosci znacznika Solvent Yellow 124 i barwnika
Solvent Red 19 lub Solvent Red 164 lub Solvent Blue 35 w oleju napgdowym.

Problem III

Ocena jakosci produktow spozywczych, ktora zostala zdefiniowana jako ich catkowita

zawartos¢ antyoksydantéw. Badania wykonatam dla nast¢pujacych typodw probek:

a) wodne ekstrakty kawy, migty pieprzowej, bazylii i oregano, a takze probek suplementéw
diety w postaci tonikéw multiwitaminowych,

b) pasty pomidorowe w postaci wodnych ekstraktow oraz w nienaruszonej formie,

¢) napary herbaty typu rooibos.

Badania realizowane w ramach podpunktéw a) oraz b) byly przedmiotem projektu
badawczego Preludium finansowanego przez Narodowe Centrum Nauki pt. Fluorescencyjne
krajobrazy w polgczeniu z metodami chemometrycznymi jako potencjalne narzedzie do
wyznaczania calkowitej zdolnosci antyoksydacyjnej, nr 2011/03/N/ST4/00713.

Zaprojektowatam i przeprowadzitam eksperymenty, w ktérych dla kazdego z wybranych
produktéw spozywczych przygotowatam ekstrakt wodny. Nastgpnie oznaczylam zawartosé
zwiazkow antyoksydacyjnych, uzywajac rekomendowanego do tego rodzaju produktow testu
ORAC i calkowita zawarto$¢ zwiazkdw fenolowych uzywajac odczynnika Folina-Ciocalteau.
Dla wszystkich ekstraktow zarejestrowatam réwniez fluorescencyjne obrazy, ktére nastegpnie
stanowily dane uzyte do konstrukcji modeli kalibracyjnych PLS i N-PLS.

Badania pilotazowe wykonatam dla wodnych ekstraktéw kawy, miety pieprzowej, bazylii
i oregano. Satysfakcjonujgce wartosci parametrow przewidywania i dopasowania modeli
kalibrujacych parametr ORAC (a takze zawartos¢ polifenoli) uzyskalam modelujac dane
opisujace probki kawy oraz migty pieprzowej i oregano (wartosci nie wigksze niz 10%).
Modele skonstruowane dla probek bazylii oraz suplementow diety mialy niezadowalajace
wartoSci bledow przewidywania (wartosci powyzej 18%). Postulowang przyczyna
uzyskanych wynikéw jest niski stopien homogenicznosci dostgpnych probek. Opracowana
metoda analityczna zostala poddana walidacji analitycznej i chemometrycznej zaréwno dla
probek kawy jak i migty pieprzowe;.

Opracowang metodyke analityczng pordéwnalam z opisanym w literaturze podejsciem
réwniez opartym na pomiarze nieselektywnych sygnalow analitycznych, ktorymi sa widma
rejestrowane w zakresie podczerwieni. Badania przeprowadzitam dla past pomidorowych.
Zarejestrowalam widma w zakresie Sredniej podczerwieni oraz fluorescencyjne obrazy dla
prébek past w nienaruszonej postaci (bezposrednio po wyjeciu z opakowania). Bylo to
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mozliwe dzigki uzyciu specjalistycznej fluorescencyjnej sondy $wiattowodowej,
przystosowanej do badan préobek statych. Ocenitam calkowita zawartos¢ antyoksydantow
i zwigzkéw fenolowych wykorzystujac te same metody co w badaniach przeprowadzonych
dla probek kawy i migty. Uzylam metod chemometrycznych do konstrukcji modeli
kalibracyjnych. Przeprowadzone studium pordwnania efektywnosci modelowania catkowite;j
zdolnosci antyoksydacyjnej w oparciu o sygnaty absorpcyjne lub emisyjne wykazaly, ze
fluorescencyjne obrazy (modelowane przy uzyciu modelu N-PLS) umozliwiaja uzyskanie
efektywniejszej informacji niz sygnaty IR (modelowane metoda PLS). W przypadku oceny
catkowitej zawartosci polifenoli lepsze parametry przewidywania uzyskatam dla modeli
skonstruowanych uzywajac widm zarejestrowanych w zakresie podczerwieni.

Badania przeprowadzone w ramach podpunktu c) realizowalam w oparciu o dane
eksperymentalne otrzymane przez wspéipracownikéw z Uniwersytetu w Stellenbosch.
Wodne napary herbaty rooibos zostaly scharakteryzowane przez: chromatograficzne odciski
palca uzyskane przy uzyciu wysokosprawnej chromatografii cieczowej, sprzezonej
z detektorem DAD, ilosciowa informacj¢ o zawartosci 12 zwiazkéw polifenolowych oraz
zawarto$¢ zwigzkow antyoksydacyjnych wyznaczona niezaleznymi testami ORAC i DPPH.
Dane poddatam analizie chemometrycznej. Wykazatam, ze nieselektywne chromatogramy
umozliwiajg ocen¢ calkowitej zdolnosci antyoksydacyjnej w sposdb efektywny. Bledy
przewidywania modeli PLS skonstruowanych dla chromatograméw w pordéwnaniu
z modelami zbudowanymi dla informacji selektywnych (informacja ilosciowa) sg nizsze
o okoto 2%. W badaniach wykorzystalam réwniez wariant metody PLS umozliwiajacy
eliminacj¢ zmiennych nieistotnych (UVE-PLS), ktéry umozliwit wskazanie tych polifenoli,
ktore w sposob istotny wplywaja na zawartosé antyoksydantow.

Podsumowujac:

e Wszystkie zaproponowane przeze mnie rozwiazania i podejscia analityczne wykorzystane
do oceny jakosci produktéw opieraja si¢ na pomiarach nieselektywnych sygnatow
instrumentalnych. '

e Proponowane rozwigzania eliminuja konieczno$s¢ przeprowadzania kosztownych
i czasochtonnych analiz dzi¢ki zastosowaniu sygnatéw nieselektywnych.

e Uzycie stabilnego modelu kalibracyjnego PRM do kontroli jakosci cukru potwierdzito
przydatnos¢ stabilnych metod w modelowaniu probleméw analityki procesowe;.

e Wszystkie eksperymenty projektowane byly tak, aby ograniczy¢ produkcj¢ szkodliwych
odpadéw chemicznych — zgodnie z zasadami zieclonej chemii. Dlatego tez, jedynym
uzywanym rozpuszczalnikiem byla woda destylowana.

e Wysoka efektywnos¢ proponowanych rozwigzan sprawia, ze mogg one byé
rekomendowane do zastosowan praktycznych w laboratoryjnych badaniach rutynowych
oraz typu on-line, do kontroli jakosci produktow. Taka adaptacja wymaga jednak
przeprowadzenia dodatkowych badan, zwlaszcza z uwzglednieniem mozliwych zmian
sktadu chemicznego probek.
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Zastosowanie swiattowodowej sondy fluorescencyjnej przystosowanej do pomiaroéw ciat
statych usprawnia wykonanie pomiardw oraz potwierdza mozliwo$¢ stosowania
proponowanego rozwigzania analitycznego dla probek bez wczesdniejszego
przygotowania do analizy. Przyczynia si¢ to réwniez do wigkszej atrakcyjnosci metodyki
w kontekscie badan typu on-line.

Wykorzystanie tej samej sondy z odpowiednia nakladka umozliwiajaca pomiary
substancji ciektych, bez koniecznosci stosowania specjalnych kuwet pomiarowych,
réwniez zwigksza atrakcyjnos¢ opracowanych metodyk, zwlaszcza w kontekscie
mozliwosci prowadzenia badan poza wyposazonym w niezbedny sprzgt laboratorium.
Rozwigzania analityczne o mniejszej efektywnosci (opracowane dla probek bazylii,
oregano i suplementéow diety), zgodnie z definicja badan podstawowych [125] wnosza
nowa wiedz¢ na temat wykorzystania nieselektywnych sygnaléw do oceny jakosci
produktéw. Stanowia dobry punkt wyjsciowy do kontynuacji lub planowania nowych
badan z zakresu oceny jakosci zywnosci wyrazonej jako ich catkowita zdolnos¢
antyoksydacyjna.
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