Talanta 219 (2020) 121208

journal homepage: www.elsevier.com/locate/talanta

Contents lists available at ScienceDirect

Talanta

Characterisation of complex perfume and essential oil blends using
multivariate curve resolution-alternating least squares algorithms on

Check for
updates

=

average mass spectrum from GC-MS

Leo Lebanov®®, Laura Tedone™”, Alireza Ghiasvand™®, Brett Paull®”*

2 Australian Centre for Research on Separation Science (ACROSS), School of Natural Sciences, University of Tasmania, Hobart 7001, Australia
> ARC Industrial Transformation Research Hub for Processing Advanced Lignocellulosics (PALS), School of Natural Sciences, University of Tasmania, Hobart, Tasmania,

7001, Australia

¢ Department of Chemistry, Lorestan University, Khoramabad, Iran

ARTICLE INFO

Keywords:

Essential oil blend
GC-MS

Ylang-ylang

MCR-ALS

Average mass spectrum

ABSTRACT

Quality control of essential oil blends and the discovery of potential adulterations and product fraud is a sig-
nificant challenge within the natural oil and perfume industry. In this research, total chromatogram average
mass spectra (TCAMS), created from the GC-MS three-way raw data, were employed for the characterisation of
complex samples of perfumes and essential oil blends. A multivariate approach for curve resolution was used to
resolve the TCAMS of pure essential oils within such perfume and essential oil blends. Resolved TCAMS, in
combination with unsupervised pattern recognition approaches revealed the distillation grade and origin of used
ylang-ylang oils in perfume mixtures. TCAMS resolved from the essential oil blends were used with a supervised
machine learning classification model to identify oils, used in creating the blends. Quantification was performed
using a multivariate curve resolution approach, resulting in relative errors of prediction lower than 17.84% with
root mean square errors of prediction smaller than 3.43.

1. Introduction

Qualitative and quantitative characterisation of blends created from
complex natural products, represents a significant analytical challenge,
especially when the ‘measurand’ of interest is itself a complex mixture
of compounds, such as the case of specific essential oil (EOs). Gas
chromatography hyphenated with mass spectrometry (GC-MS) is the
most widely used analytical technique for this purpose. In the con-
ventional GC-MS analysis, analytes are identified from the total ion
current chromatogram (TICC), through comparison of their retention
indexes and mass spectrum similarity with the standard library mat-
ches. For the quantitative analysis of a single analyte, a univariate ca-
libration model is typically created, where the instrumental response is
peak area, which is integrated and correlated with the known con-
centration. However, for highly complex samples such as EO blends,
this traditional approach can result in incorrect conclusions due to high
incidences of co-eluting compounds [1]. One approach to solve co-
elution is to increase the chromatographic separation power, using for

example, multidimensional gas chromatography (MDGC) [2,3]. An al-
ternative approach is the application of multiway algorithms, such as
parallel factor analysis 2 (PARAFAC2) [4], the PARAFAC2-based de-
convolution and identification system (PARADISe) [5], or the MS-as-
sisted resolution of signals (MARS) [6]. Within these various strategies,
the sample chemical composition is first determined using a conven-
tional approach. Then, the markers for each of the individual compo-
nents (e.g. EOs) inside of the blend are identified. These markers are
used for confirmation of the quality and possibly to quantify the target
component within the blend. However, this process is very tedious.
Another way to approach this problem is to analyse each EO in-
dividually and use the full instrumental (e.g. GC-MS) dataset as a fin-
gerprint for that EO. In this way, the analytical information regarding
the EO of interest can be extracted from the full dataset for the complete
blend using mathematical approaches. Multivariate curve resolution
(MCR) techniques [7] and PARAFAC-like methods (PARAFAC, PAR-
AFAC2, PARADISe, etc) have recently received considerable attention
due to their capacity to address the issue of chromatographic co-
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List of acronyms:

ALS alternating least squares
EO essential oil

GC gas chromatography

GUI graphical user interface
HCA hierarchical cluster analysis

LOF lack of fit

MARS  MS-assisted resolution of signals

MCR multivariate curve resolution

MCR-BANDS MATLAB set of programs for the evaluation of rota-
tional ambiguity in multivariate curve resolution analysis
multidimensional gas chromatography

out-of-bag error

MDGC
OOBE

PARADISe PARAFAC2 based deconvolution and identification
system

PARAFACparallel factor analysis

PCA principal component analysis

qMs quadrupole mass spectrometer

REP relative error of prediction

RF random forests

RMSEP root mean square error of prediction

SEP standard error of prediction

SIMPLISMA simple-to-use interactive self-modelling mixture ana-
lysis

SVD singular vector decomposition

TCAMS total chromatogram average mass spectrum

TICC total ion current chromatogram

elution, without the need to increase chromatographic resolution. One
of the most beneficial features of MCR and PARAFAC-like methods is
the second order advantage, in which the calibration can be built upon
relatively few standards, instead of a large calibration set, with the
additional potential to quantify the compounds of interest even in the
presence of interferences, not originally present in the standard cali-
bration set. This is performed through the decomposition of the ex-
perimental data matrix into two blocks, one related to the concentra-
tion profiles and the other one related to the instrumental profile for the
pure standard. These matrices can be iteratively adjusted to the data set
[8]. PARAFAC requires trilinearity, while PARAFAC2 and MCR do not.
Compared to the PARAFAC-like methods, MCR can handle big data
arrays without slowing down the calculations [9]. Even though MCR
offers several solutions which are mathematically correct, compared to
a single solution offered by PARAFAC2, selection of the initial state and
application of appropriate natural restrictions, constraints, enables the
delivery of a single solution [10]. Additionally, it has been proven that
PARAFAC2 has lower flexibility towards the variability in the chro-
matographic data, due to its specific algorithmic restrictions, especially
when the number of coeluting compounds increases in the sample. Due
to the higher similarity of the MCR-ALS underlying model to the real
variations in the chromatographic data, resolved spectra of co-eluting
analytes have higher agreement with the true spectra, compared to the
ones resolved with PARAFAC2 [9,10].

Complex natural extracts such as EOs may contain up to several
hundred compounds [11]. Due to their fragrant characters, EOs have
been used in perfume blending for centuries, and today still generate
significant market value from their application within the perfume and
cosmetic industries, with the value of the natural cosmetic products’
market estimated to be $36.3 billion in 2019, and with estimated
growth to roughly $54.5 billion expected by the year 2027 [12]. The
supply market for these raw natural products and EOs is also currently
experiencing substantial growth, with Ylang-ylang (YY, Cananga
odorata [Lam] Hook. f. & Thomson forma genuina) EO, being a parti-
cularly highly valuable natural extract used in many high-end perfume
and cosmetic products. YY-EO is distilled from fresh-mature flowers
using fractional distillation, producing four different grades, depending
upon distillation time. The fraction that is produced in the shortest
distillation time has the highest content of fragrant volatile compounds,
and it is of the highest value to the perfume industry [13]. Many EOs
have also found application in commercial therapeutics, health re-
medies, lotions and balms. In many of the above products, EO blending
is usually performed to deliver potential synergistic therapeutic effects,
in which the pharmacological effect of the blend is proclaimed to be
greater than the sum of the effects of the individual EOs [14].

EO blends and associated perfume products are typically highly
complex mixtures, the quality control of which is of considerable im-
portance commercially, including for identification of potential adul-
terations and fraud. However, the rapid and reliable characterisation of

these complex blends still presents a challenge for analytical chemistry
[15]. Therefore, the aim of this work was to evaluate MCR-ALS for both
the qualitative and quantitative characterisation of perfume mixtures
and EO blends, using total chromatogram average mass spectrum
(TCAMS) data sets, created from the three-way output data array (ob-
tained from GC-MS analysis). Compared to the TICC, TCAMS is much
faster to derive, where the chemical composition of each EO is fully
represented within the m/z intensity data. In this way, a more com-
prehensive data set is created which increases accuracy in multivariate
statistical approaches and the possible discrimination among different
EO classes, as already shown [16,17]. To identify the grades and origins
of YY in perfume mixtures, its ‘blend resolved’ TCAMS were compared
with pure samples of different grades using principal component ana-
lysis (PCA). In an alternative approach, the resolved TCAMS of in-
dividual components within the EO blends were subjected to a Random
Forests (RF) classification model to identify the individual EOs that
have been used to create the blends.

2. Experimental
2.1. Essential oil samples

HPLC-grade dichloromethane (DCM) was purchased form Thermo
Fisher Scientific (Waltham, MA, USA). Standard n-alkane mixture
C;—Cs30 (1000 pg mL ™! in hexane) was purchased from Sigma-Aldrich
(St. Louis, MO, USA). Essential oils of allspice (Als), clary sage (Cls),
cajeput (Caj), sweet fennel (Swf), cinnamon (Cin), myrrh (Myr), pep-
permint (Pep), spearmint (Spe), mandarin (Man), geranium bourbon
(Geb), cedarwood (Cew), juniper berry (Jub), dill weed (Diw), cypress
(Cyp), lavender (Lav), sweet orange (Swo), bergamot (Ber), jasmine
(Jas), rosemary (Ros), neroli (Ner), angelica (Ang), clove bud (Clb),
eucalyptus globulus (Eug), grapefruit (Grf) frankincense serrata (Frs),
tea tree (Tet), vetiver (Vet), and four grades of YY (YExtra, YI, YII, and
YIII) were obtained from Plant Therapy Inc. (Twin Falls, ID, USA),
Ahimsa Oils (Mitchelton, QLD, Australia) and Albert Vieille (Vallauris,
France). All YY EOs used in the prepared blends and in the PCA are
presented in Table 1.

Three different commercial perfumes (PI, PII, and PIII) were ob-
tained from local stores in Hobart (TAS, Australia). For the evaluation
of the YY grade, four different matrices were created, as show in
Table 2. Matrix #1 was composed of PI, rosemary and neroli EOs,
blended with all four grades of YY. Matrix #2 was created from PII,
jasmine and geranium bourbon mixed with YExtra and YIII. PI, ber-
gamot and lavender were blended with YI and YII into matrix#3, while
matrix #4 consisted of YExtra, YIII, PII, sweet orange and cedarwood
EOs. Additionally, a matrix (matrix #5) was created for the evaluation
of origin by mixing PIII, myrrh, clary sage and YY from five different
origins (Madagascar, Comoros, Congo, Indonesia, and Australia), as
presented in Table 3. All perfume-EO blends were prepared by pipetting
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Table 1
List of ylang-ylang samples used in this research for the grade and origin de-
termination.

Code Grade Origin Code Grade Origin
YExtraMad01® Extra Madagascar YIIIMad01® 111 Madagascar
YExtraMad02® Extra Madagascar YIIIMad02" I Madagascar
YExtraMad03" Extra  Madagascar YIIIMad03" i Madagascar
YExtraNep04®  Extra  Nepal YIIIMad04" 11 Madagascar
YExtraMad05" Extra Madagascar YIIIMad05" I Madagascar
YExtraCom06" Extra  Comoros YIIIMad06® I Madagascar
YExtraMad07" Extra  Madagascar YIIIMad07" 11 Madagascar
YExtraCom08” Extra  Comoros YIIIComO08* I Comoros
YExtraCom09” Extra  Comoros YComplMad02® Complete Madagascar
YExtraCom10” Extra  Comoros YComplMad03" Complete Madagascar
YExtraCom11” Extra  Comoros YComplMad04" Complete Madagascar
YIFra01® 1 France YComplMad05" Complete Madagascar
YIMad02* I Madagascar  YComplMad06” Complete Madagascar
YIMad03* 1 Madagascar YComplMad07® Complete Madagascar
YIMad04" 1 Madagascar  YComplAus08”  Complete  Australia
YICom05" 1 Comoros YComplAus09®  Complete  Australia
YIMad06" 1 Madagascar  YComplAus10® Complete Australia
YIMad07* 1 Madagascar  YComplAus11®  Complete Australia
YIMad08* 1 Madagascar  YComplCng12"® Complete Congo
YIComO09°¢ I Comoros YComplCng13”  Complete Congo
YIIFra01® I France YComplCngl14®  Complete Congo
YIIMad02* I Madagascar  YComplCngl5® Complete Congo
YIIMad03" I Madagascar  YComplind17®  NA Indonesia
YIIComO04* I Comoros YComplind18"  NA Indonesia
YIIMad05* I Madagascar  YComplind19®  NA Indonesia
YIIMad06” I Madagascar  YComplind20®  NA Indonesia

Complete: Mixture of all 4 grades of YY; NA: Not available; Mad: Madagascar;
Aus: Australia; Nep: Nepal; Com: Comoros; Fra: France; Cng: Congo; Ind:
Indonesia.

@ Plant Therapy Inc.

b Ahimsa Oils.

¢ Albert Vieille.

Table 2
Qualitative composition of the perfume-essential oil blends used in the grade
and origin determination.

Matrix Perfume EO#1 EO#2 YY

#1 1 Rosemary Neroli Extra, I, II, III

#2 I Jasmine Geranium Extra, III

absolute bourbon

#3 1 Lavender Bergamot L 1II

#4 I Orange sweet Cedarwood Atlas Extra, III

#5 il Myrrh Clary sage Mad, Con, Com, Aus,
Ind

Table 3

Quantitative composition of perfume-essential oil blends used in the grade and
origin determination.

Type No Perfume (uL) EO#1 (uL) EO#2 (uL) YY (uL)

Calibration 1 40 10 10 0
2 20 20 0 5
3 10 0 30 10
4 0 30 15 20
5 10 10 10 30

Validation 6 15 15 15 15
7 0 10 15 25
8 10 15 10 20
9 25 5 15 10
10 30 20 20 5

predetermined volumes and diluted to 1 mL with DCM. For the RF
classification model, the following EOs were used (the numbers in the
brackets indicate the number of samples obtained from different bat-
ches, for each EO class): allspice (4 samples), angelica (3 samples),
cajeput (4 samples), cedarwood (4 samples), cinnamon (3 samples),
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clary sage (4 samples), clove bud (4 samples), cypress (4 samples), dill
weed (6 samples), eucalyptus globulus (4 samples), grapefruit (3 sam-
ples), frankincense serrata (5 samples), geranium bourbon (4 samples),
juniper berry (4 samples), lavender (4 samples), mandarin (5 samples),
myrrh (6 samples), neroli (3 samples), peppermint (8 samples), spear-
mint (5 samples), sweet fennel (4 samples), tea tree (4 samples), vetiver
(4 samples) and ylang-ylang complete (7 samples). Consequently, 24
classes and a total of 106 EOs were used for the RF classification model
(17 classes were used in creating the EO blends). EO blend sets were
created by choosing six and eleven classes and prepared by pipetting
predetermined amounts of different EO in DCM and diluting to 1 mL, as
presented in Table 4.

2.2. GC-qMS analysis

All EOs and blends were analysed using a GC-MS-QP2010 Plus
(Shimadzu, Kyoto, Japan) equipped with a quadrupole-MS (qMS) de-
tector. The chromatographic separations were performed using a Mega-
XMLB capillary column (30 m X 0.25 mm X 0.25 pm) from BGB
Analytik (Alexandria, VA, USA). The injector was set at 250 °C and 1 pL
of each sample injected directly in split mode (split ratio of 50:1). The
initial oven temperature was set at 50 °C and increased to 250 °C at a
rate of 4.3 °C min~'. The temperature was then quickly ramped (15 °C
min~?!) to 280 °C and held constant for 5 min, resulting in a total run
time of 53.5 min. Ultra-high purity helium from BOC (Guildford,
Surrey, UK) was used as the carrier gas at a constant flowrate of
1.54 mL min~'. The transfer line temperatures and ion source and were
set at 250 and 220 °C, respectively. The mass fragments were recorded
over the range of 40-400 Da. The acquisition rate was 0.2 s with an
acquisition rate of 2000 to provide satisfactory number of points per
peak for effective resolution.

2.3. Data processing

TCAMS of each sample was taken from 2.5 min until 42 min with
subtraction of baseline average mass spectrum (AMS) calculated from
41 to 42 min, using GCMSsolution software (version 4.30). The baseline
showed its highest intensity at 41-42 min with very few eluting peaks,
which provided for easy calculation of its AMS. After 42 min, there
were no further peaks present in the chromatograms. Raw data was
processed by MetaboAnalyst 4.0 online software (www.metaboanalyst.
ca) [18], based on XCMS code written in R software, by aligning the m/
z fragments and processing for the missing values (by importing with
half of the minimal value for the fragments). The MCR-ALS GUI 2.0
algorithm is freely available on the internet (www.mcrals.info) and
described in the Jaumot et al. report [19]. It was run on MATLAB
R2017a 9.2 (MathWorks, Natick, MA, USA). PCA and hierarchical
cluster analysis (HCA) were also performed using MetaboAnalyst soft-
ware.

2.4. TCAMS and TICC

If m is the total number of mass scans (S;) recorded during a single
GC-MC run in time t, with At as the time necessary to record one mass
scan, then, m = Y. If n is considered as the number of m/z fragments
(40-400) and y; as the response for each m/z fragment in each scan,
where “i = 1,2, ..., mandj = 1, 2, ..., n”, then, the masses scan S;
(i =1,2,..., m)could be defined as a set of m/z fragments with their
corresponding responses from the MS detector as:

= {0} b ()-[e ()])

The TICC can be defined as:

(Eq 1)


http://www.metaboanalyst.ca
http://www.metaboanalyst.ca
http://www.mcrals.info
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Table 4

Composition of the EO blends, prepared for the evaluation of the MCR-ALS model.
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Blend No Volume of EO (uL)
Six-component blend set Eleven-component blend set
Als Cls Caj Swf Grf Cin Yly Myr Pep Spe Man Geb Cew Jub Diw Cyp Lav

1 70 10 10 10 0 0 10 10 10 0 10 10 0 0 0 50 0
2 10 70 5 5 5 5 0 0 0 5 0 0 80 10 0 0 5
3 0 0 70 5 5 20 5 5 10 0 0 20 0 0 50 5 5
4 20 5 5 70 0 0 0 0 20 30 0 0 40 0 0 10 0
5 5 20 0 0 70 5 20 0 0 0 30 0 10 40 0 0 0
6 0 0 5 5 20 70 0 5 5 20 0 0 0 0 0 70
7 40 10 10 10 10 20 0 0 0 0 10 60 0 10 15 5 0
8 30 50 0 0 20 0 30 0 0 15 0 0 20 0 20 0 15
9 0 0 40 0 30 30 0 78 0 0 0 5.5 0 5.5 5.5 5.5 0
10 10 10 10 50 10 10 9 0 28 9 45 0 0 9 0 0 0
11 15 15 15 5 40 10 0 30 0 0 20 15 0 0 15 0 20
12 20 15 0 15 0 50 2 2 2 2 2 2 2 2 70 10 4
13 20 20 15 30 15 0 80 0 5 0 0 5 5 0 0 0 5
14 10 15 30 15 15 15 0 10 60 0 0 0 0 0 15 15 0
15 20 30 0 10 0 40 5 5 0 70 0 5 0 5 0 5 5
16 0 0 20 0 20 60 0 0 5 0 5 0 5 0 5 80 0
17 0 10 10 10 60 10 0 5 0 5 0 10 0 70 0 0 10
18 10 0 60 15 0 15 5 0 5 0 80 0 5 0 0 5 0
19 5 60 5 5 5 20 5 15 0 5 0 50 15 0 5 0 5
20 60 0 10 10 10 10 10 0 40 10 10 0 0 10 10 0 10
21 35 15 0 0 25 25 15 0 15 0 15 10 15 0 15 0 15
22 5 15 50 10 15 5 0 25 0 25 0 0 0 25 0 25 0
23 0 10 0 20 40 30 5 5 50 5 5 5 5 5 5 5 5
24 20 0 5 50 0 25 10 10 0 0 0 5 5 0 60 0 10
25 15 15 15 15 20 20 0 0 30 15 10 0 0 20 0 25 0
26 0 65 25 10 0 0 10 10 10 10 5 5 5 5 0 0 40
27 10 10 10 0 10 60 50 0 0 0 0 0 0 10 20 20 0
28 60 0 25 15 0 0 0 5 5 40 10 20 15 0 0 0 5
29 20 5 5 5 60 5 10 0 0 0 0 0 0 10 10 50 20
30 0 25 25 0 35 15 0 10 10 10 10 0 40 0 10 10 0

TICC = {[(y;; + Yipt-- AV ALl [y + Voot +¥5), 2At],

woos [y F Yo+ +Yimn)>mAL]} (Eq 2)

A TCAMS can be defined as an average response of each m/z frag-
ment during the whole GC analysis as:

TCAMS = {[Vp (m/z)l] [Vz’ (m/z)z]"“’[?"’ (m/z)n]} -
{[u () || [ 22 ()

m m

Fin, + Yont - +Yomn)
S N |

)7jis the average response of the MS for a single (m/z); ion current over
the whole scanning period (t), where all recorded scans were taken into
account.

As can be observed, the TICC, which is the summation of all the
recorded m/z fragment intensities within a single mass scan, is a time
dependent function. Thus, the TICC response is dependant to the
abundance of compounds producing those fragments. On the other
hand, the TCAMS is the average response of the MS detector during the
whole GC-MS chromatogram (At - mAt) as a function of m/z. The
average response of each mass fragment is proportional to the abun-
dance of the compounds producing these ions [16,17].

(Eq 3)

2.5. Dimensionality reduction algorithms

2.5.1. Singular value decomposition (SVD)

The rank of a data matrix is the minimum number of linear in-
dependent variables. In the context of this work, rank can be defined as
the number of pure EOs which exist in each chemical system (EO
blend). The SVD algorithm can be used for chemical rank determination

by performing decomposition of the experimental data matrix (D) into
U, S and V matrices. U and V matrices are eigenvectors of the square
matrices DDT and D™D, while S is a diagonal matrix with the singular
values arranged in descending order (the values are the positive square
roots of the eigenvalues). The chemical rank of the blend can be de-
termined by plotting its eigenvalues (Y-axis) against the chemical rank
(X-axis) and pointing the last rank before the eigenvalues start to
converge. In this process, it is crucial to be able to differentiate between
the variations, arising from the chemical components and the instru-
mental noise. From the mathematical point of view, this corresponds to
the determination of the cut-off between small eigenvalues (describing
the chemistry of the system) and the noise, when the eigenvalues start
to converge to small values [20].

2.5.2. Principal component analysis (PCA)

PCA is an unsupervised statistical pattern recognition technique that
is used for dimensionality reduction, where trends and patterns among
the sample set can be more readily identified in a space of lower di-
mension, e.g., two or three-dimensional space. PCA is explained in
detail elsewhere [21-23]. PCA has been widely used for the di-
mensionality reduction for complex instrumental responses, such as GC-
MS data [24]. In this work, PCA was applied to identify trends among
instrumental profiles of the pure YY EOs and the profiles recovered
from the perfumes using the MCR-ALS approach. In this way, it was
possible to determine the grade and origin of the YY-EOs used in
creating the perfume mixtures.

2.6. MCR-ALS

The MCR method can extract information of the pure components in
a mixture system, through a bilinear model decomposition. The bilinear
MCR model assumes that individual responses of each component are
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additive and the experimental data matrix (D) can be decomposed into
product of matrices, C and ST, that contain pure profiles of the com-
ponents connected to the row mode (concentration) and the column
mode (spectra). In this study, the data were recorded as the three-way
data arrays, as depicted in Fig. 1B [25], where one dimension is the
retention time, another one is m/z and the third one is intensity of each
m/z. Accordingly, TCAMS for each EO was created by averaging the
responses of each m/z over all mass scans (whole GC run) and sub-
tracting the average spectrum of the baseline noise (Fig. 1C). Such
TCAMS were compiled into the experimental data matrix (D) (Fig. 1D),
which, in the case of perfume characterisation was sized 13 x 200
(sample x variable), with the rows containing the samples’ spectra and
the columns the m/z variables. The experimental data D matrix for the
EO blends qualitative analysis was sized 30 x 200, while for the
quantitative analysis after adding TCAMS of the pure oils, was sized
41 x 200 and 36 X 200 for the eleven- and six-component blends,
respectively. This bilinear model can be expressed in a matrix form as:

D=CST +E (Eq. 9

where, D (J X K) is the matrix of experimental data, in which J is the
number of samples and K is the number of m/z fragments. C (size
J X N) is the matrix that its columns contain the concentration profiles
and N is the chemical rank (number of pure EOs in the blend). sT
(N x K) is the matrix whose rows contain the resolved TCAMS of pure
EOs, used to create the blend. Matrix E (J X K) is the matrix of the
experimental errors (Eq. (4)).

The first step in MCR-ALS-based studies is obtaining the chemical
ranks using the SVD algorithm (Fig. 1E). The MCR-ALS model is applied
using a proposed number of components using the initial estimates of
the pure EOs (S, as depicted in Fig. 1F. During these iterative re-
calculations of C and S”, only a non-negativity constraint is applied, for
both concentration and spectra. Iterations are continued until an op-
timal solution is obtained, which fulfils the postulated constraints and
the established convergence criteria, and at the same time decreasing

(€) (D)

Talanta 219 (2020) 121208

the residual matrix E [26]. The quality and reliability of the MCR-ALS
solutions are assessed using the explained data variance, R?, and the
lack of data fit (LOF), as follow:

[n 52 n 2
“‘Ej,j dij - Zi,j ei_i
| = = = -

R =100 —
V' oZud (Eq. 5)
e
LOF(%) = 100 \j LR
2 dj (Eq. 6)

where, d; is an element of the experimental data matrix and e; is the
related residual value obtained from the difference between the ex-
perimental data (D) and the reproduced data matrix (CS™), obtained by
MCR-ALS. For the quantification purposes, correlation constraints were
applied. With the correlation constraint, built into the MCR-ALS gra-
phical user-friendly interface (GUI), an internal calibration was con-
structed by relating the known concentration values of the EOs in ca-
libration samples to those provided by the ALS optimisation procedure.
This algorithm rescaled the concentration values found by the MCR-ALS
algorithm (in calibration and test samples) to the real concentration
units, during the iterative optimisation [27]. The correlation constraints
were used to create a calibration model for the quantification of YY-EOs
and EOs within the blends (Fig. 1G).

Several parameters were used to evaluate the multivariate calibra-
tion models’ predictive capability on the validation set, including root
mean square error of prediction (RMSEP), bias, standard error of pre-
diction (SEP), and relative error of prediction (REP), as presented in
equations (7)—(10):

|3 (Ci — C)?
RMSEP = /== — 7
\ n (Eq. 7)

N (e
n (Eq. 8)

(E)

bias =

sl

Eigenvalue

EPTN

Abundance

Luliy

i

(B)

(F) Resolved concentrations and TCAMS profiles
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Fig. 1. Schematic representation of the pathway for the quality assessment of YY-EOs in the perfume mixtures, (A) GC-gMS, (B) three-way data array recorded for an
EO blend, (C) averaging response for each m/z fragment over the chromatogram to create TCAMS, (D) three-way data matrix D containing TCAMS of all blend
samples, (E) determination of chemical rank using SVD algorithm, (F) MCR-ALS, decomposition of D matrix into C and ST matrices with TCAMS of each pure EO and
residual matrix of E, (G) quantification of the pure EO in the blends using the external calibration and correlation constraints, and (H) resolved TCAMS for each EO

blend constituent.
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SEP = \/ i (G ;—Cf — bias)? o)
REP (%) = 100 L_Z')
\/ T G (Eq. 10)

where, ¢; and ¢/ are the actual and predicted analyte concentration in
sample i, respectively, and n is the total number of samples used in the
validation set [27].

The MCR-BANDS, incorporated within MCR-ALS GUI 2.0, were
employed to assess the rotational ambiguities associated with the ob-
tained concentrations [28]. The concentrations and spectral profiles,
resolved by MCR-ALS, were loaded directly, while the same constraints
that have been previously used in the ALS optimisation, were chosen.
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2.7. Random Forests classification model

RF is a classification statistical tool that generates many decision
trees, each of which has been constructed using different sets of ran-
domly selected input variables, to make prediction or class allocation.
RF model uses a bootstrapping technique, in which the original data
sets are randomly sampled by using 67% of the samples for the model
training (in-bag). The rest of the data (out-of-bag set of 33%) is used for
internal cross-validation and evaluating the performance of RF model
through out-of-bag error (OOBE). In this way, each decision tree is in-
dependently produced without any pruning and each node is split using
a defined number (mtry defined by user), selected randomly. By
growing the forest up to the pre-defined number of trees (ntree defined
by the user), through the bootstrap aggregation, multiple trees (all
fitted on separate bootstrapped samples) are combined by averaging
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Fig. 2. TICC for the (A) perfume 1, (B) neroli, (C) rosemary, (D) ylang-ylang III, (E) Mix 6, and (F) Mix 10 (please see Table 3 for Mix 6 and 10).
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their predictions, which reduces the overall variance of OOBE [29].

Herein, the RF approach was applied for the identification of re-
solved TCAMS, obtained from the MCR-ALS analysis of EOs blends. A
RF model was created from 24 different classes of EOs (106 EO sam-
ples) by setting the number of variables used in each node (mtry) to 12
and the total number of trees (ntree) to 1000. The number of variables
used in each node was determined as the square root of the total
number of variables, which is the standard approach for classification
of RF models [30]. The quality of the model was evaluated using OOBE,
which is reported to be a good indicator of the predictive capabilities of
RF models, due to the application of the bootstrapping technique.
OOBE, as presented in this paper, was calculated as the average value of
50 repetitions.
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3. Results and discussion

EOs are complex mixtures of volatile compounds and blending them
with perfume or other EOs will create more complex mixtures (Fig. 2).
As is clear from Fig. 2E and F, perfume-EO blends have many co-eluting
regions, which cannot be resolved in one-dimensional GC-MS. This fact
can be also seen in the chromatograms of six- and eleven-component EO
blends (see Fig. S1). In this case, specific marker-compounds for the
quality control purposes cannot easily be determined. Therefore, in this
study, the whole instrumental signal (represented in the TCAMS) for
each EO was used as a fingerprint for the characterisation of perfumes
and EO mixtures.

Chemical rank of the mixtures was determined using the SVD al-
gorithm and as it is clear from Fig. S2A, for each of the perfume
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Fig. 3. PCA plot of different YY samples and their resolved grades from perfume-essential oil mixtures, (A) matrix #1, (B) matrix #2, (C) matrix #3, and (D) matrix

#4.
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mixtures was 4, while for the EO blends was 6 and 11 (see Figs. S2B and
C). Initial estimate of the TCAMS of the perfume blend constituents was
performed using a SIMPLISMA like algorithm [31,32], with the allowed
noise level set at 5%. Initial TCAMS were, in the ALS process, iteratively
adjusted through 50 steps to the experimental dataset D, obtaining final
TCAMS used for the further quality assessment and classification.
Grade determination of YY-EOs, used in creating the perfume
blends, was performed using PCA. PCA, as an unsupervised method,
allowed that trends among YY-EOs to be easily observed in two- or
three-dimensional space by calculation of variance among samples.
Each perfume blend set was evaluated in a separate PCA. Resolved YY-
TCAMS from each blend set, was joined with the TCAMS from the pure
YY-EO. In this way, it was observed that resolved and pure TCAMS
follow the same pattern. The Scree plots for all four matrices can be
found in the supplement material (Fig. S3). Fig. 3 depicts the resolved
TCAMS of the YY-EOs from the complex mixtures which follows the
same pattern as pure oils in PCA. As can be seen for the matrix #1
(where all four grades were used, see Table 2) resolved YY profiles
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followed the same pattern observed between pure samples, allowing
accurate grade identification (Fig. 3A). In case of the matrix #2, re-
solved lower grade of YY showed similarity with I grade, instead of
YYExtra that has been used in the blend. Resolved YYIII followed the
pattern of pure YYIII samples (Fig. 3B). In case of matrix #3 and #4, all
of four YY grades (Extra, I, II, and III) were assigned to the appropriate
grades based on the PCA plots, as have been depicted in Fig. 3C and D.

For the origin determination, ten YY-EOs (from 5 origins) were
blended with PIII, myrrh and clary sage EOs (see Table 3, matrix #5).
Pure TCAMS of perfume, myrrh and clary sage were added to the ex-
perimental matrix D in order to resolve the pure YY-EO TCAMS. To
evaluate origin of unknown YY-EOs, the resolved pure TCAMS were
analysed by the unsupervised PCA and HCA in order to observe clus-
tering among the oils. The resolved TCAMS showed certain variances
compared to the pure EOs, coming from the matrix used for creating the
perfume blends. As shown in Fig. S4, comparison of the resolved
TCAMS with the TCAMS of the pure EOs could not reveal the origin. To
address this problem, one EO from each origin was blended to the
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Fig. 4. PCA plots for the evaluation of origin of the resolved YY samples from perfume mixtures by using distances between resolved TCAMS (with known origin) and
samples with unknown origin, (A) PC 1-2, (B) PC 1-3, (C) PC 1-5, and (D) HCA. Red marks are the reference samples and green marks are unknown samples. (For
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Table 5
MCR-ALS parameters for each prediction model.
Parameters Matrix/Grade Origin EO blend
Ist 2nd 3rd 4th 6-component  11-component
Extra I I 11 Extra III I I Extra III Aus Ind Con Com Mad
REP 8.73 12.37 8.62 896 451 12.68 10.32 8.76 11.58 11.86 11.79 8.61 13.97 10.61 6.44 12.20 17.84
RMSEP 1.45 2.05 1.43 149 0.75 2.10 1.71 1.45 1.92 1.97 1.95 1.43 2.32 1.76 1.07 3.22 3.43
Bias -1.04 -0.83 0.68 037 036 0.33 0.39 —-0.04 1.10 1.55 -1.83 -0.88 -1.94 043 1.02 -1.54 —0.68
SEP 1.13 2.10 1.41 161 0.84 235 1.91 0.31 1.94 1.53 2.19 1.60 2.59 1.97 1.19 285 3.40

Aus: Australia; Ind: Indonesia; Con: Congo; Com: Comoros; Mad: Madagascar; REP: relative errors of prediction; RMSEP: root mean squared error of prediction; SEP:

squared error of prediction.

perfume mixtures and resolved TCAMS from each origin were used as
the reference spectra. In this way, the YY-EOs with unknown origins
were determined by measuring the distance between reference and
unknown oils in the PCA plot. As it can be seen from Fig. 4A, unknown
YY-EO Q is in the vicinity of the reference oil from Congo, while sample
X is close to the reference one from the Australia. The YY-EO W was
discriminated by PCs 1 and 3 (Fig. 4B), showing a high similarity with
the reference oil from Indonesia. Sample M showed a great similarity
with Comoros reference oil, while Z sample was closest to the Mada-
gascar EO (Fig. 4C). By using Euclidean distance [33] and Ward's
linkage [34], as the HCA methods, the results of the PCA plots were
confirmed (see Fig. 4D).

The RF algorithm was used to identify the classes of EOs used in
creating the blends, since through resolved pure TCAMS data obtained
from the MCR-ALS analysis. In comparison with the RF model, partial
least squares discriminatory analysis (PLS-DA) could not discriminate
the EO classes, having the sensitivity = 0. EO classification model has
already been applied for the classification and quality control of EOs
[16]. First, a RF classification model was created to differentiate be-
tween 24 EO classes, by setting the number of trees (ntree) to 1000 and
using 12 variables for each node (mtry). This process was performed 50
times resulting in an OOBE of 2.34 = 0.81%. Resolved TCAMS of two
EO blend sets were used to determine their class from the RF model,
created from the pure EO samples. The resulting recovered TCAMS and
the TCAMS obtained from the analysis of pure EOs are compared in
Fig. 5. Excellent similarities between the two can be clearly seen. The
similarity between pure and resolved TCAMS allowed positive identi-
fication of all 17 EOs used in creating the two blend sets, through the RF
EO classification model.

The quantitation of YY-EOs in perfume-EO blends was performed
using MCR-ALS analysis enforced with correlation constraints. For this
purpose, TCAMS obtained in the analysis of the pure oils were added to
the experimental data matrix D and chemical rank was again de-
termined through the SVD algorithm. The pure EOs were manually
selected from the experimental data set. The quantification was ac-
complished by applying the correlation constraints, which build in-
ternal univariate calibration models between the reference concentra-
tion values in the calibration samples and the analogous values in the
MCR concentration profiles. For the perfume mixtures, 5 samples were
used to prepare the internal calibration curve, while in case of EO
blends 20 and 22 samples for six-component and eleven-component EO
blends were used, respectively (see Tables S1-3). The relative errors of
prediction (REP) for the grade determination were 4.51-12.68%, while
in the case of origin determination, they found to be 6.44-13.97%
(Table 5). REP for the six-component blend validation sample set was
12.20%, while for the eleven-component blend was 17.84%. The root
mean squared error of prediction (RMSEP) for all predictions was in the
range of 0.75-3.43 (see Table 5). This clearly showed the ability of the
model to deliver accurate quantification of YY-EO in complex blends. It
can be concluded from the results that this model is a fast and efficient
way to determine the quality of the perfume blends based on the quality

10

of the EOs used in creating the blends. Additionally, the rotational
ambiguity was assessed by applying the same constraints used in the
ALS iteration step. Results of the MCR-BANDS method clearly showed
that the extent of the rotational ambiguities, measured by the difference
between fmax and fmin values were negligible (lower than 1077).

4. Conclusion

The MCR-ALS strategy was applied on the easily generated TCAMS
data obtained from the GC-MS analysis, for the quality control of
complex perfume mixtures and EO blends. The ability of the SVD al-
gorithm for accurate identification of number of individual EOs, used
for creating the blends, was demonstrated. MCR-ALS showed a great
ability in the qualitative and quantitative characterisation of perfume
and EO blends. Resolved pure TCAMS were successfully applied with
PCA to identify grade of YY EOs. It was necessary to establish reference
EOs with known origins for the origin determination, in order to de-
termine origin of unknown set of oils through the comparison with the
reference EOs in the PCA and HCA models. Additionally, by utilising
the RF classification model, all 17 EOs used to create six- and eleven-
component blends, were positively identified.

The quantification was performed using MCR-ALS, enforced with
the correlation constraints. It was demonstrated that REP values in the
validation sample sets were smaller than 18%, while by application of
correlation constraints and RMSEPs were smaller than 3.43. These
findings clearly showed that GC-MS combined with MCR-ALS, PCA and
HCA can be successfully used in the quality control of high-value per-
fumes and EO blends.
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