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Analyses of the complex essential oil samples using gas chromatography hyphenated with mass spec-
trometry (GC-MS) generate large three-way data arrays. Processing such large data sets and extracting
meaningful information in the metabolic studies of natural products requires application of multivariate
statistical techniques (MSTs). From the GC-MS raw data several different input data sets for the MSTs can
be created, including total chromatogram average mass spectra (TCAMS), segmented average mass spectra
(SAMS) and chemical composition. Herein, we compared the performance of MSTs on average mass spec-
trum based data sets, TCAMS and SAMS, against chemical composition and attenuated total reflectance -
Fourier transformation infrared (ATR-FTIR) spectroscopy in the evaluation of quality of ylang-ylang essen-
tial oils, based on their grade, geographical origin and chemical composition, using principal component
analysis (PCA), partial least squares regression (PLS) and discriminatory analysis (PLS-DA). PCA based on
TCAMS, SAMS and chemical composition showed clear trends amongst the samples based on increase in
grade (distillation time). PLS-DA applied to TCAMS, SAMS and ATR-FTIR discriminated between all geo-
graphical origins. Predicted relative abundances of the 18 most important compounds, using PLS regres-
sion models on TCAMS, SAMS and ATR-FTIR, were successfully applied to ylang-ylang essential oil quality
assessment based on comparison with the ISO 3063:2004 standard, where the SAMS data set showed
superior performance, compared to other data sets.

© 2020 Elsevier B.V. All rights reserved.

1. Introduction

peak clusters [1]. Therefore, in recent years there has been an
increase in the application of multidimensional gas chromatogra-

Essential oils (EOs) are mixtures of volatile and semi-volatile
compounds obtained from natural sources by distillation, or by
some suitable cold pressing method, such as in the case of citrus
oils. Due to the complex and volatile nature of EO constituents, gas
chromatography (GC) coupled with mass spectrometry (MS) is the
most widely applied analytical technique for their characterisation
[1,2]. However, the complexity of many EOs tests the resolution
power of standard GC and often results in multiple co-eluting
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phy (MDGC) in EO characterisation [1,3,4]. GC-MS and MDGC-MS
generate large three- or multiway-way data arrays with high di-
mensionality (large number of variables and samples). Processing
such large data sets, and extracting meaningful information in the
metabolic studies of natural products requires application of mul-
tivariate statistical tools (MSTs) [5]. These techniques have been
applied in EO metabolomic studies due to their ability to identify
fine differences among the samples and classify them according
to their species, chemotype (chemically distinctive entities of a
population of morphologically indistinguishable individuals), or
geographical origin [6,7].

Raw GC-MS data is a three-way array recorded as a function of
three variables, time, m/z fragments and their intensities. There-
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fore, data obtained in GC-MS analysis can be presented in several
ways, through the dimensionality reduction process [8]. The most
common is by summing all of the m/z fragments in a single mass
scan and plotting them against the time of the mass scan, creating
a total ion current chromatogram (TICC). Instrumental drifts in a
GC-MS system can lead to small peak retention shifts between
analyses. This means that before the application of an MST, it is
necessary to perform peak alignment over all samples. In a TICC,
alignment of peaks can be based solely on retention time or it can
be performed using both retention time and mass spectra [9-12].
Another way of decreasing data dimensionality is by generating a
chemical composition data set (peak list), as the MST input data
set, that contains identified compounds and their relative abun-
dances. Compounds are identified from the TICC, while the quan-
titative characterisation is performed on GC coupled with a flame
ionization detector (FID). Finally, data obtained for all samples
must be compiled into a single MST input data set. Due to manual
tasks within this process, this whole approach can be very time
consuming [13,14]. Several approaches have been proposed for the
peak extraction and deconvolution from whole data sets, such as
TUCKER3, PARAFAC, PARAFAC2, etc... While TUCKER3 and PARAFAC
require trilinearity, that all the peaks are aligned, PARAFAC2 is
able to handle small peak shifts between consecutive runs [15-17].
However, PARAFAC2 is not able to resolve all the peaks automati-
cally in one step [18]. PARADISe is a software, based on PARAFAC2,
for peak deconvolution which allows identification of the resolved
pure MS spectra for each of the peaks. Before performing the
deconvolution, narrow retention time intervals must be defined,
which for complex samples can be very tedious. Also, after the
deconvolution process, the number of individual components must
be set for each of the retention time intervals. PARADISe requires
at least 5 samples with independent chemical profile variations,
in order to resolve the chemical profiles [17]. MARS is a fully
automated peak deconvolution algorithm, which through coupled
mass spectra and retention times, chosen from the reference
chromatogram, extracts the chemical composition [18].

In contrast to the previous mentioned techniques for extracting
the chemical composition profile as a MST input data set, there
is an additional approach that averages the summed responses
for each m/z fragment over the total number of scans, the whole
time of the analysis, creating a total chromatogram average mass
spectrum (TCAMS) data matrix [13,14,19]. Application of MSTs
on TCAMS eliminates the necessity for peak identification and
compiling a peak list, which makes obtaining the MST input data
set much faster and easier [13]. It also allows for the creation of
several data sets from the starting three-way data array recorded
in an GC-MS analysis.

The downside of the application of TCAMS is that the actual
chromatographic separation itself delivered by a GC column is
lost. However, this does facilitate models using TCAMS being
built upon data derived from the application of different instru-
ment configurations and under different conditions of analysis,
on different column setups, under different temperature gradi-
ents, etc. Another problem associated with the application of
TCAMS can be interpretation of the models. Connecting/addressing
m/z fragments to certain compounds in the chemical profile
can be troublesome, as compounds in EOs belong to only a
few chemical classes, and fragmentation of compounds which
belong to the same chemical class have similar fragmentation
patterns [20]. In order to exploit the advantages of TCAMS and
preserve a certain level of chromatographic separation, a seg-
mented average mass spectrum (SAMS) data reduction procedure
is proposed in this work. SAMS is created by dividing the GC-
MS three-way data array into time dependent sub-windows,
where for each sub-window average mass spectrum (AMS) is
calculated.

This study aimed to evaluate the principal component analysis
(PCA), partial least squares regression (PLS) and discriminatory
analysis (PLS-DA) performance of TCAMS and SAMS, against the
chemical composition and attenuated total reflectance - Fourier
transformation infrared spectroscopy (ATR-FTIR) results, as bench-
mark techniques [21,22], in the differentiation of Ylang-ylang
(YY), Cananga odorata [Lam.] Hook. f. & Thomson forma genuina
Annonaceae, EOs according to their grades and geographical origin.
The YY EO obtained by fractional distillation of fresh, mature flow-
ers is available in five different grades: Extra, I, II, Ill, and Complete,
where with the increase in the distillation time, there is an in-
crease in the less volatile fraction of sesquiterpenes, and a decrease
of the highly volatile compounds. Complete grade is a mixture
of all grades obtained in fractional distillation. The presence of
the highly fragrant compounds, including linalool, p-cresyl methyl
ether, methyl benzoate, benzyl acetate, and geranyl acetate, make
the Extra grade extremely popular in the perfume industry, while
grade I with lower amounts of volatile compounds is more applied
within the cosmetic industry. Madagascar and the Comoros Islands
are the world’s largest producers of this EO, where the value of
the total production of YY EO in the Union of Comoros was 7.9 M
USD in 2008, making it the largest contributor to EO production
in that country [23,24]. Herein, TCAMS, SAMS and ATR-FTIR were
compared in the prediction of the chemical composition of the 18
most important compounds in the assessment of the quality of YY
EOs according to the ISO 3063:2004 “Oil of ylang-ylang [Cananga
odorata (Lam.) Hook. f Thomson forma genuine]” standard.

2. Experimental
2.1. Samples

YY EOs of varying geographic origin and grades (see Table 1),
including Extra, I, II, III, and Complete grades from Madagascar,
Comoros, Nepal, and/or France were obtained from Plant Therapy
Inc. (Twin Falls, ID, USA). YY Complete EOs from Australia, Congo,
and Indonesia, and YY Extra EOs from Comoros were obtained
from Ahimsa Oils (Mitchelton, QLD, Australia). Two samples of YY
Complete from Madagascar and YY I from Comoros were obtained
from Albert Vieille SAS (France). Each sample was prepared in
the same manner, by diluting 50 puL of the pure EO in 950 pL of
dichloromethane (DCM). HPLC-grade DCM was purchased from
Thermo Fisher Scientific (Waltham, MA, USA). A standard n-alkane
mixture C;-C3g was purchased from Sigma-Aldrich (St. Louis, MO,
USA).

2.2. GC-qMS analysis

Samples were analysed with a GCMS-QP2010 Plus instru-
ment, Shimadzu (Kyoto, Japan) with a BPX-5MS capillary column
(33.0 m x 0.25 mm ID x 0.25 pm) purchased from SGE, Australia.
The sample, 1 pL, was injected at 250 °C in split mode with a 50:1
ratio. The oven temperature program was set as follows: 50 °C to
250 °C at 4.30 °C/min, and from 250 °C to 280 °C (5 min hold)
at 15.0 °C/min. Ultra-high purity helium (BOC, UK) was used as
the carrier gas and the flow rate was constant throughout the run
(1.54 mL/min, linear velocity of 42.9 cm/s). The ion source was
set at 220 °C with the transfer line at 250 °C. Data were collected
with an acquisition rate of 0.2 s with a scan speed of 2000 over a
mass range of 40-400 Da.

Identification of the EO components was performed using
similarity match (>90%) between mass spectrum of each com-
pound with the standard spectrum, together with comparing their
retention indices (tolerance of +10) with the standard value. The
similarity search was performed using GCMS solution software
(version 4.30, Shimadzu, Kyoto, Japan) within the standard libraries
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Table 1
List of samples used in this work.

Code Grade Origin Obtained from Code Grade Origin Obtained from
YExtraMad01 Extra Madagascar Plant Therapy YIlIMado1 11 Madagascar Plant Therapy
YExtraMad02 Extra Madagascar Plant Therapy YIIIMad02 11 Madagascar Plant Therapy
YExtraMadO03 Extra Madagascar Plant Therapy YIlIMad03 11 Madagascar Plant Therapy
YExtraNep04 Extra Nepal Plant Therapy YIlIMad04 11 Madagascar Plant Therapy
YExtraMad05 Extra Madagascar Plant Therapy YIIIMad05 11 Madagascar Plant Therapy
YExtraCom06 Extra Comoros Plant Therapy YIlIMad06 11 Madagascar Plant Therapy
YExtraMad07 Extra Madagascar Plant Therapy YIlIMad07 Il Madagascar Plant Therapy
YExtraComO08 Extra Comoros Ahimsa Oils YIIIComO08 11 Comoros Plant Therapy
YExtraCom09 Extra Comoros Ahimsa Oils YComplFra01 Complete France Plant Therapy
YExtraCom10 Extra Comoros Ahimsa Oils YComplMad02 Complete Madagascar Plant Therapy
YExtraCom11 Extra Comoros Ahimsa Oils YComplMad03 Complete Madagascar Plant Therapy
YIFra01 France Plant Therapy YComplMad04 Complete Madagascar Plant Therapy
YIMad02 [ Madagascar Plant Therapy YComplMadO05 Complete Madagascar Plant Therapy
YIMad03 I Madagascar Plant Therapy YComplMad06 Complete Madagascar Plant Therapy
YIMad04 1 Madagascar Plant Therapy YComplMad07 Complete Madagascar Plant Therapy
YIComO05 [ Comoros Plant Therapy YComplAus08 Complete Australia Ahimsa Oils
YIMad06 I Madagascar Plant Therapy YComplAus09 Complete Australia Ahimsa Oils
YIMad07 1 Madagascar Plant Therapy YComplAus10 Complete Australia Ahimsa Oils
YIMad08 [ Madagascar Plant Therapy YComplAus11 Complete Australia Ahimsa Oils
YICom09 [ Comoros Albert Vieille YComplCng12 Complete Congo Ahimsa Oils
YIIFra01 Il France Plant Therapy YComplCng13 Complete Congo Ahimsa Oils
YIIMad02 1l Madagascar Plant Therapy YComplCng14 Complete Congo Ahimsa Oils
YIlIMad03 1l Madagascar Plant Therapy YComplCng15 Complete Congo Ahimsa Oils
YIICom04 11 Comoros Plant Therapy YComplMad16 Complete Madagascar Albert Vieille
YIIMad05 11 Madagascar Plant Therapy YComplind17 Indonesia Ahimsa Oils
YIIMad06 1l Madagascar Plant Therapy YComplind18 Indonesia Ahimsa Oils
YComplind19 Indonesia Ahimsa Oils
YComplInd20 Indonesia Ahimsa

of the National Institute of Standards and Technology (NIST, 2005),
Wiley (Wiley Registry™ of Mass Spectral Data, 11th Edition, 2016),
and Flavours and Fragrances of natural and synthetic compounds
- Mass spectral database (FFNSC 2.0, 2007). Retention indices (RIs)
were calculated based on the linear temperature programme re-
tention index (LTPRI) procedure by using a standard linear alkane
mixture of C;-C3q established by Van den Dool and Kratz for the
temperature programmed separation [25].

2.3. GC--FID

Samples were analysed with an Agilent 7890A instrument
(Palo Alto, CA, USA), employing a BP5MS column, 30 m x 0.25
mm x 0.25 pm, purchased from SGE, Australia. The sample, 1 pL,
was injected at 250 °C in split mode (1:20). The oven temperature
program was set as follows: 50 °C to 250 °C at 4.3 °C/min, and
from 250 °C to 280 °C (5 min hold) at 15 °C/min. Ultra-high purity
H, was used as the carrier gas and the flow rate was held constant
throughout the run (1.54 mL/min, linear velocity of 42.7 cm/s). The
FID detector was set at 280 °C, with a hydrogen flow of 40 mL/min
and an air flow of 450 mL/min. Data processing was performed
using the GC ChemsStation B.0403 (16) software.

2.4. ATR-FTIR spectroscopy

ATR-FTIR spectra were measured using a Bruker Vertex 70 in-
strument (Germany) at the Central Science Laboratory (CSL) at the
University of Tasmania. Spectra were collected by placing 0.8 uL of
oil on a PIKE (USA) MIRacle single reflection ZnSe ATR plate, using
32 scans between 600 and 4000 cm~! at a spectral resolution
of 4 cm~!. The spectra were corrected using the atmospheric
correction function within the OPUS software (Bruker, Germany).

Multivariate analysis was performed by importing the spectral
data into Unscrambler (v 10.1, CAMO, Norway).

2.5. Data processing

TCAMS of each sample were taken from 2.5-40.0 min while
subtracting the baseline from 39.0-40.0 min. SAMS were taken at
5 different regions: 2.5-10.0 min, 10.0-15.0, 15.0-20.0, 20.0-25.0,
and 25.0-40.0 min, with baseline subtraction for each segment.
The number of segments was determined to preserve the separa-
tion achieved and correct for any possible peak shifts. Therefore,
it was determined that 5 was the optimal number for segments,
as this best captured the chemical diversity of essential oils,
where small volatile molecules and monoterpenes elute in the
first segment, monoterpenoids in the second, sesquiterpenes in
the fourth, and sesquiterpenoids in the fifth. Also, 5 segments
allowed correction for small peak shifts which arise between
consecutive analyses. Several compounds were used as markers
for the segments. Segment 1 included p-cresyl methyl ester
and limonene, co-eluting with 1,8-cineole, which were taken
as markers for the end of Segment 1. Estragole was applied as
a segment 2 end marker. Geranyl acetate was used as a start-
ing compound for Segment 4, ending with the sesquiterpene
zonarene. Segment 5 included all sesquiterpenoids, eluting after
zonarene.

Raw data were processed by metaboanalyst.ca [26], which is
online software based on XCMS code written in the R software
package, by eliminating the m/z fragments that are constant
through all the samples (noise). Next, the data were pre-processed
by mean centering and normalisation (1-norm). Normalisation
was performed to correct for inconsistencies in the amounts of
samples reaching the detector, while keeping the structure of the
data. PCA was performed with metaboanalyst.ca, while PLS was
performed using Sirius (v. 9.0, PRS, Norway) and PLS-DA using the
mdatools in R software [27]. The ATR-FTIR data were pre-processed
with the Uncrambler software, which included a multiple scat-
tering correction and Savitzky-Golay first derivative using 7
points.
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2.5.1. Theory of TCAMS, SAMS and TICC

If m is the total number of mass scans (S;) recorded during
a single GC-MC run in time, t, with At the time necessary to
record one mass scan, then m = t/ ‘At Here, n is the number of m/z
fragments (40-400) and y;; is the response for each m/z fragment
in each scan, where i = 1,2,...mand j = 1,2,...,n.

The mass scan S; (i = 1,2,...,m) could be defined as a set of
m/z fragments with their corresponding responses from the MS
detector:

Si={[yn. (M), ] e (M), [yime (M), 1} (1)
The TICC (see Fig. 1) can be defined as

TICC = {[(yn + Y12 + ... +Ym). At],
[(Y21 + V22 + ...+ Yon), 2At], ...,
[(Ym1 + Ym2 + - .. + Ymn), MAL]}. 2)

A TCAMS (see Fig. 1) can be defined as an average response of
each m/z fragment during the whole GC analysis

1.8x10%+

SAMS

1.5x10%4

Abundance

1.2x10%4
9.0x10% 4
6.0x10*

3.0x10*1

0o 1st ond | 3 4th 5th

m/z (averaged over the time of each segment)

[31: (M), ] [32: (Ta), ] [ (), 1}

{

{[(YH, +YZ1$---+3’m1)7 (m/z)1]
[(Y12, + Y22n-i; St sz)’ (m/Z)z]’
[(Ym, +Yan-ni- .. +Ymn)! (m/z)n]}

)

ey

(3)

Here, y;is 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.

A SAMS can be defined as an average response of each m/z frag-
ment in the defined time window (segment) of the GC analysis,
where all segments are compiled into a single data set (see Fig. 1).
In the case of SAMS, for k segments, m, represents the number of
scans in the defined kth segment with time t, my = tk/At- A SAMS
can be defined as an average response of each m/z fragment in
the defined segment time window (t,) of the GC-MS analysis over
all the segments (k, total number of segments). The AMS of each
segment can be defined in the same manner as the TCAMS, where
the number of scans in each segment is defined as mp =tp/At'
where p = 1,2...k, and yj;, is the response for each m/z in each
scan and in each segment.

2.5x107 4

TICC

2.0x107 1

Abundance

1.5x107 1

1.0x107 4
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0.0 —
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0.0 ‘YJ Ay . v +
50 100 150 200 250 300 350

m/z (averaged over the whole chromatogram)

Fig. 1. Reduction of dimensionality of a three-way GC-MS data to total ion current chromatogram (TICC), total chromatogram average mass spectrum (TCAMS) and segment
average mass spectrum (SAMS) data sets. GC-MS data are recorded in three dimensions: time, m/z fragments and their abundance. For the TICC, all m/z fragments in the
same scan are summed; the TCAMS is created by averaging the response of each m/z fragment over a chromatographic run; the SAMS is created by averaging the response
for each m/z fragment over the time of a chromatogram segment. From 5 segments, 5 average mass spectra data sets were created, which are compiled into a single data

array. Reproduced with permisson from [20].
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SAMS = {[AMS;, (1], [AMSy, )], ..., [AMS,. (p)]} =
[[(Y111+Y211+...+ym11) (I‘l‘l/) ] [(YI21+Y221+...+ym21)
my Ny my ’

(m/z)z]"“’ [(Y1n1 +Yont + -+ Yinmt). (m/z)n]],

myp mp

|:|:(Y11p +Y21p+---+Ym1p) (m/)i| |:(y12p+y22p+---+Ym2p)
s z)1

As can be observed, the TICC is a time dependent function, i.e.,
TICC(t) is the summation of the abundances of all the recorded m/z
fragment intensities in a single scan. Thus, the TICC response is
proportional to the sum of responses of all the m/z fragments in a
single scan, which is proportional to the abundance of compounds
producing those fragments. On the other hand, the TCAMS is the
average response of the mass selective detector during the whole
GC-MS run (At - mAt) as a function of m/z (single ion current).
The average response of each mass fragment is proportional to the
abundance of the specific m/z fragments obtained, which are again
proportional to the abundance of the compounds producing these
ions. Therefore, the TICC, TCAMS, and SAMS responses depend on
the chemical composition of the EO and the amount of injected
analyte that can be used with the MST in metabolomic studies and
the prediction of the relative abundances of the main compounds.

2.5.2. Principal component analysis (PCA) and partial least squares
(PLS)

PCA is a statistical, unsupervised pattern recognition technique
that is widely used for dimensionality reduction, where trends and
patterns among the sample set can be more easily identified in
a space of lower dimension, e.g., two or three-dimensional space,
which is in detailed explained elsewhere [28-30]. PCA has been
widely used for dimensionality reduction, especially in the case of
complex instrumental responses [31].

PLS is a two-block predictive chemometric technique that
attempts to establish a cause and effect relationship using a set
of predictor variables (X) and response variables (Y) [32,33]. PLS
reduces data dimensionality by calculating pseudo variables (latent
variables) that attempt to maximise the covariance between the
response and matrix of the predictor variables [32,33]. Additional
explanations can be found elsewhere [33].

In the case herein, instrumental raw data obtained by GC-MS
and ATR-FTIR were used as predictor variables, while grade, ge-
ographical origin and chemical composition were the dependent
(response) variables. PLS regression analysis was performed in case
of grade and chemical composition determination, while PLS-DA
was used for geographical origin determination. In this case grade
regression was used, with dummy variables 1 for grade Extra, 2
for grade I, 3 for grade Il and 4 for grade IIl. In this way, it was
possible to evaluate the fragrant character of each of the samples
and compare with the other samples, on a scale from 1-4. This
approach has advantage for the evaluation of borderline samples,
whose fragrant characters are similar and can be equally used
either in the perfume or cosmetic industries.

Performance of PLS and PLS-DA models was assessed by per-
forming leave-one-out cross-validation (LOO CV), which leaves one
sample out of the training set in each run, creates a model of the
training set, predicts the value of the left-out sample, and cal-
culates the root mean square error of cross-validation (RMSECV).
The goodness of the PLS model created from the training set can
be evaluated through the root mean square error of calibration
(RMSEC) value:

= (Ci _ Ci)z
RMSEC = ﬁ

my

| (m/z)z]’ N [(ymp + yznpmJ; <o+ Ymop) (m/z)nﬂ

where Cjare the known values, (] are the calculated (predicted)
values, N is the number of samples, and p is the number of PCs
in the regression analysis optimised by cross validation. The value
—1 in the denominator accounts for a centred model. RMSECV esti-
mates the prediction performance of cross validation applying the
equation:

M (C. _C)?
RMSECV = M (6)
M

where C; is the known value, (] is the value calculated (predicted)
by the calibration equation, and M is the number of samples in the
prediction set.

Another parameter for the evaluation of the model is the
relative error of prediction (REP). The REP shows the predictive
ability of the model and can be calculated as:

REP — RMS_ECV

x 100. (7)
where y is the mean of the predicted values. PLS-DA models
for geographical origin discrimination were assessed using a
specificity and sensitivity confusion matrix [34,35].

Another way of evaluating the goodness in the PLS model is by
performing a permutation test, explained elsewhere [35,36]. In the
case of our PLS models, the permutation was repeated 2000 times
with P < 0.05, showing that our sets of samples are non-permuted
(results not shown here). The validation of the model can be
expressed as the correlation coefficient (R?), slope and intercept of
the created calibration curve on the training sample set.

Evaluation of the quality of the application of the predicted
values for the quality assessment of YY EOs was found by
determining the percentage of misclassification. Percentage of
misclassification (MC) is a sum of all false positives and negatives
divided by the total sum of all the compounds (TNC) determined
in all the samples and multiplied by 100%.

FP + FN

TNC (8)

A false positive (FP) is when the relative abundance of the
compound is outside of the ISO range, while the predicted value
utilising the PLS model falls inside of the ISO range. A false
negative (FN) can be determined when the relative abundance
of the compound is inside of the range, but the predicted value
is outside of the ISO range for that compound [36]. The quality
of the application of the PLS prediction model was evaluated by
taking into account both the MC and REP of each model.

MC = x 100%.

3. Results and discussion
3.1. Two-way data arrays obtained by GC-MS

As already stated, the GC-qMS analysis results in an array of
three-way data. In order to apply MSTs, these data matrices were
processed in three different ways for dimensionality reduction,
creating chemical composition, TCAMS, and SAMS data sets. The
chemical composition data set was constructed of 83 main com-
pounds through all the samples. In this way, a full chemical profile
was obtained for each sample, and by performing the exploratory
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and prediction analysis, the main compounds responsible for
the clustering and which influence the prediction can be easily
identified.

TCAMS and SAMS are directly dependent on the chemical com-
position of the whole sample, through m/z fragment abundances.
Thus, samples that belong to the same species show certain
homogeneity in the abundances of m/z fragments in the TCAMSs
between different YY grades (see Fig. S1.). At the same time,
differences in the chemical profiles between the samples lead to
variability of the YY samples, which are translated into differences
in m/z abundances.

TCAMS can also be obtained by performing direct injection
mass spectrometry (DI-MS) analysis. However, application of a
separation step before acquiring TCAMS has an additional benefit
compared to application solely of the DI-MS system. Application of
a long bore column decreases the complexity and mass of the sam-
ple reaching the MS detector, compared to direct MS injection, and
decreases the possibility of saturation of certain channels, which
can lead to the introduction of additional variation in the data sets
that does not come from the variation between the samples [14].
Another advantage of using GC-MS is the possibility of using SAMS
data, which retain elements of a chromatographic separation, by
dividing the raw three-way data arrays into chromatographic
segments (sub-windows), where for each segment the AMS is
generated. AMSs from all segments are compiled into a single data
matrix called a segment average mass spectrum (SAMS). Keeping
certain elements of the separation, there is a significant increase
in the number of data points (variables), compared to the TCAMS,
where their abundance in a single segment depends on the com-
pounds eluting within that segment. This allows the model to eval-
uate the importance of each m/z fragment from all the segments,
and possibly increase predictability and accuracy of the model. In
this way, interpretation of the models becomes much easier, which
allows identification of important fragments in certain segments
and connects them with the chemistry of the eluting compounds
therein. SAMS does not require strict peak alignment. However, the
same compounds and peaks must be present in the same segment,
which is achieved through marker classes and compounds [20].
Compared to the chemical composition created by PARAFAC2 and
PARADISe, with SAMS the retention intervals are larger and there
is no necessity for defining the number of individual compounds
in each interval (segment). Also, there is no minimal number of
samples necessary to create a working data set, or necessity for a
reference sample, as required in the MARS algorithm. Utilising the
AMS approach, in both TCAMS and SAMS, chemical composition
is translated into a series of m/z fragments, the same for each
sample, which decreases the number of missing values.

3.2. Determination of the ylang-ylang EO grade

3.2.1. Exploratory analysis

Before constructing PLS prediction models, unsupervised ex-
ploratory analysis was performed [37]. Performing PCA analysis
on all the samples from four different distillation grades using
two PCs, it was observed that two samples (YExtraMad02 and
YIIMadO02) clustered with the grade I, Fig. S2. Evaluating their
chemical profiles, it was clear that YIIMad02 had lower amounts
of germacrene D, compared to the ISO 3063:2004 standard [38] for
the grade Il samples. YExtraMadO2 clusters with the grade I sam-
ples due to the lower amount of p-cresyl methyl ether and methyl
benzoate and higher abundance of germacrene D, which is also
below the ISO 3063:2004 standard [38] reference values for the
Extra grade. Therefore, due to the differences in the chemical pro-
file from the other grade-members, these samples were excluded
from all PCA and PLS models.

In order to construct an adequate PCA model, scree plots were
examined to determine the optimum number of PCs (Figs. S3 A-D)
[39]. A scree plot displays the eigenvalues (explained variance) for
each PC in descending order versus the number of components.
The optimal number of PCs can be obtained (estimated) by taking
the last PC at which point little additional variance is captured by
the PCs, which is often indicated by a so-called ‘knee’ in the plot.

Performing PCA on the TCAMS data (Fig. 2A), it was observed
that the grade III cluster was completely separated from the rest
of the samples. Along PC 1, which explains 55.9% of the variance
in the data set, the grades Extra and I samples are closely clus-
tered. The higher PCs were unable to contribute to an increase
in the separation between the grade Extra and [ samples (data
not presented here), even though the scree plot shows a greater
amount of variance explained by them, see Fig. S3A. Therefore, an
optimal PCA model was achieved with 2 PCs. SAMS, compared to
TCAMS, retains aspects of the chromatographic separation, which
is reflected in the increased number of variables. In the case of
SAMS, a PCA model with one PC was suggested by the scree plot
(Fig. S3B). As can be observed in Fig. 2B, PCA with only the first
PC (PC 1) can discriminate between YY grades based on the SAMS
data set. In the PCA utilised on the chemical composition (Fig. 2C),
the two clusters corresponding to the grade II and III samples
were better resolved as compared to within the TCAMS and SAMS
data sets. The Extra and I samples are less overlapped along PC 1
and PC 3 (Fig. 2D). For the ATR-FTIR data set, the scree plot, Fig.
S3D, suggested just PC 1 in the model, which explained 97% of the
total variance, even though it is not possible to resolve any grade,
even within a two-dimensional PCA plot, see Fig. 2E.

The longer distillation, in the case of grade III, creates samples
with distinctive chemistry, which results in well resolved clusters
during PCA analysis of the TCAMS, SAMS, and chemical composi-
tion (see Fig. 2A-D) data sets. As is evident from the raw TICCs of
the representative samples from each of the 4 grades (Figs. S4A-D),
the Extra and I grade TICCs appear almost identical, which was
reflected in the closeness of these two grades in the PCA analyses
(Fig. S4A, B). These samples were provided by a commercial
vendor, and there was a lack of control over the flower picking
and distillation process, which can be attributed to the similarity
between the TICCs for the Extra and I grades.

The loadings for the PCA model of the TCAMS data (Fig. 3A)
show that the primary m/z fragments responsible for separation
of the higher grades are 119 and 161 (sesquiterpenes), while the
43, 71, 77, 108, and 122 fragments are connected with the lower
grades. Fragments 71, 108, and 122 are characteristic of linalool,
benzyl acetate, and p-cresyl methyl ether, respectively. Fragment
43 is associated with linalool, geranyl acetate, and benzyl acetate,
while fragment 77 is representative of methyl benzoate, benzyl
acetate, benzyl benzoate, and p-cresyl methyl ether. From the
loadings plot of the PCA analysis of the SAMS data (Fig. 3B), it was
observed that in the higher grades there was an increase in m/z
fragments 41, 91, 93, 105, etc., from the fourth segment, while an
increase in the m/z fragments from the second segment, 43, 71, 77,
91, 93, 105, and 108, is indicative of the lower YY grade. Retention
indices 1484 (germacrene D) and 1503 ((EE)-«-farnesene) were
the main compounds in the higher grades, while 1016 (p-cresyl
methyl ether), 1089 (methyl benzoate), 1096 (linalool), 1155
(benzyl acetate), and 1373 (geranyl acetate) were more abundant
in the lower grades in the loadings for chemical composition
(Fig. 3C). Moreover, B-caryophyllene (RI 1423) is connected with
the variations within the YY grades, Fig. 3.

3.2.2. PLS Prediction model of ylang-ylang EO grade

The PCA results described in the previous section reveals that
distillation time has a great impact on YY EO chemical composition
and that it can be used for constructing a PLS regression model. At



L. Lebanov, S. Chatterjee and L. Tedone et al./Journal of Chromatography A 1618 (2020) 460853 7

Scores Plot
A w, B :
‘- ol i
.;ig‘ggt
°%8 =2
40+ g§ $:
. _ =
g o % 2 £ ;gg
5 3 Sor. g' %
¥ - 04 3§'§ 2 § g>§ 3 g
o | iNiLA R
SEPABE= =32
% »] el B
5 AAdELeE
) A-_g
5 3 .
‘ + Yiargl
]
¥ 60+ : “V\:g:u
T T T T Y
40 o 2 20 &0
BC1{559 W)
& o Yiang Exirs §‘ 4 Yang Bra
C I Viang ! D t Yang !
* Yiang | ® Yang
ang Yang b
g 1 ] 2
= Y
& P , S Y
s = % - AR g,
g ¢ BT
Y 4 L
P Yool
B revaxn § 4 -
R
200 -100 0 100 200 300 220 100 o 00 @00 30
PC 14686 %} FC1(6806%)
2 4 YangExra
a’ E ) ml
yianggi
é-
g 4
P
¥
=
b §..
4
g ]
q
Z
q
g ]
= T T T T T T T

a8 08 04 02 oo 02 04 0%

PCI(97%)

Fig. 2. Principal component analysis (PCA) of ylang-ylang essential oils according to grade (A) total chromatogram average mass spectrum (TCAMS) data, (B) segment average
mass spectrum (SAMS) data, (C) principal components (PCs) 1 and 2 in the chemical composition data, (D) PCs 1 and 3 in the chemical composition data, and (E) attenuated

total reflectance - Fourier transformation infrared spectroscopy (ATR-FTIR) data.

first, a dummy response matrix was created in which 1, 2, 3, and
4 corresponded to the grades Extra, I, II, and III respectively. Next,
the optimum number of latent variables (LVs) required for the
PLS model was investigated by observing the variance explained
by each LV in the calibration and validation steps (Fig. S5). Cross-
validation was performed in a leave-one-out manner. The optimal

number of LVs for each of the models was determined by deter-
mining the last LV before calibration variance reached a plateau
and there was an increase in the explained validation variance.
Predicted responses in the validation step were used to deter-
mine the grade of each sample, where values below 1.5 indicated
the Extra grade, between 1.51-2.50 grade I, 2.51-3.50 grade II,
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Fig. 3. Loadings plots for the principal component analysis (PCA) of the (A) total chromatogram average mass spectrum (TCAMS), (B) segment average mass spectrum (SAMS),

and (C) Chemical profile data sets.

and 3.51-4.50 grade IIl. PLS prediction models, created on all 4
data sets, managed to differentiate between the YY EO grades,
where only two samples, in both the chemical composition and
ATR-FTIR data sets, were not classified in their appropriate grade,
see Table 2 and Fig. S6. Bias for all models was 0, showing that
there was no systematic error in any of the models.

The impact that each variable has on the prediction model was
presented through weighted regression coefficients, where vari-
ables with positive coefficients were associated with higher grades,
and variables with negative coefficients with lower grades. Three
sesquiterpenes with retention indices 1423 (B-caryophyllene),
1484 (germacrene D) and 1503 ((EE)-a-farnesene), were found

to be most abundant in the higher grades, while lower, more
fragrant grades had higher abundance in the 4 compounds: 1016
(p-cresyl methyl ether), 1089 (methyl benzoate), 1096 (linalool),
1155 (benzyl acetate), and 1437 (geranyl acetate) (see Fig. S7A).

In the PLS model built from the TCAMS data, the mass-
fragments associated with the lower grades were m/z 43, 71, 108
and 122, which are characteristic for linalool, benzyl acetate and
p-cresyl methyl ether, respectively. The higher grades were found
to be richer in mass fragments 41, 81, 119 and 161 m/z, which
arise in EI fragmentation of sesquiterpenes.

The same observations were made in evaluating the contribu-
tion of the variables to the PLS model from the SAMS data set.
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Table 2

Measured and predicted values for the YY grades obtained by applying PLS regression models on total chro-
matogram average mass spectrum (TCAMS), segment average mass spectrum (SAMS), chemical composition,
and attenuated total reflectance - Fourier transformation infrared spectroscopy (ATR-FTIR) data sets. Figures of
merit for each model were the determined number of latent variables (LVs), root mean square error of calibra-
tion (RMSEC), root mean square error of cross-validation (RMSECV), slope, intercept, coefficient of determination

(R?) and bias.

TCAMS SAMS Chemical composition ATR-FTIR
Reference Predicted Predicted Predicted Predicted

YExtraMado1 1.00 1.04 1.34 0.85 1.26
YExtraMad03 1.00 1.08 0.87 1.05 1.18
YExtraComO06 1.00 1.31 1.21 1.03 117
YExtraMad07 1.00 0.96 1.16 0.76 1.33
YExtraMad05 1.00 1.41 1.24 1.26 1.40
YExtraNep04 1.00 0.95 0.46 0.93 1.66
YExtraCom08 1.00 1.13 1.49 1.32 1.18
YExtraCom09 1.00 1.10 1.45 1.33 1.28
YExtraCom10 1.00 1.02 1.38 1.31 1.31
YExtraCom11 1.00 1.46 1.38 1.63 1.33
YIComO09 2.00 2.16 2.11 1.96 1.95
YICom05 2.00 245 2.34 2.17 2.33
YIMado2 2.00 1.52 1.61 1.57 1.71
YIFra0o1 2.00 2.10 2.00 2.14 1.76
YIMado3 2.00 1.54 1.60 1.79 1.84
YIMado6 2.00 1.57 1.57 1.55 1.54
YIMado7 2.00 1.81 1.65 1.91 1.61
YIMad08 2.00 2.04 2.08 1.75 1.59
YIMado4 2.00 2.15 1.91 2.07 1.96
YIIMado5 3.00 2.97 2.93 3.00 2.68
YIIFra01 3.00 2.95 2.81 2.85 2.44
YIIMado03 3.00 3.28 3.23 3.29 3.31
YIIMad06 3.00 2.62 2.56 2.88 2.46
YIICom04 3.00 2.67 2.67 2.85 2.53
YIIIMad07 4.00 4.21 4.26 4.16 4.71
YIIIMad02 4.00 3.98 4.00 4.08 3.95
YIIIMado1 4.00 4,04 4,04 3.97 3.79
YIIIMado5 4.00 3.54 3.56 3.40 3.54
YIIIMad06 4.00 4.05 3.96 4.04 3.88
YIIIMado3 4.00 3.70 3.69 3.61 3.55
YIIICom08 4.00 4.13 4.22 4.16 4.26
YIIIMad04 4.00 4.27 4.22 4.30 4.51
Number of LVs 2 1 3 3

RMSEC 0.27 0.31 0.28 0.39
RMSECV 0.29 0.31 0.32 0.44
Slope 0.95 0.93 0.95 0.90
Intercept 0.12 0.16 0.12 0.23
R? 0.95 0.93 0.95 0.90
bias 0.00 0.00 0.00 0.00

The main compounds associated with grade discrimination were
found in the second and fourth segments, see Fig. S7C. Analytes
eluting in the second segment, such as p-cresyl methyl ether,
methyl benzoate, linalool, and benzyl acetate, contributed mostly
to the fragrance character of the lower YY grades. The higher
abundance of heavier sesquiterpene compounds, eluting in the
fourth segment, contribute to the less fragrant grades II and III.

3.3. Prediction of grade of ylang-ylang complete samples

Complete YY EOs are mixtures of all four distillation grades
and therefore we used them as the validation sample set for our
developed PLS grade model. Application of a PLS model based on
the chemical profile did not result in a good grade prediction of
Complete samples coming from Australia, Congo, and Indonesia
(results not shown here). This result comes from the fact that
there is additional variation in the chemical profiles based on the
geographical origin of the samples, which was not contained in
the PLS grade prediction model, since none of these origins were
used in creating the model. Compared to the chemical composition
data set, ATR-FTIR, TCAMS, and SAMS had a higher number of
variables in the data array and managed to predict the grade of
the samples from different geographical origins that were not used

in creating the model. The PLS models based on the ATR-FTIR
data set revealed that the Complete samples from Madagascar
and Australia are the most similar to grade II, while samples from
Indonesia, Congo and two samples from Madagascar are closer to
the lower grades, see Fig. 4A.

However, as it can be observed from Fig. 4B and C, PLS models
based on the TCAMS and SAMS data sets identified Indone-
sian, Australian and Madagascar samples as grade II. Samples
YComplMad06 and YComplMad03 had lower predicted grades,
closer to grade I. The YY Complete from Congo had a predicted
grade lower than 1.5, which put it in the Extra grade. The lower
predicted grade for the Congo samples can be connected with
their higher abundances of highly volatile compounds, being more
fragrant compared to Complete samples coming from Indonesia
and Australia.

As it can be observed, there is significant difference between
the uncertainty of prediction for the samples coming from Mada-
gascar compared to the ones from Australia, Congo, and Indonesia.
This comes from the fact that the samples in the training set were
all from Madagascar and Comoros, while there were none from
the other geographical origins. Nevertheless, the PLS models built
were capable of determining the grades of the samples coming
from other geographical locations, applying the same differences
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and (C) segment average mass spectrum (SAMS) data sets.

in the chemical profiles used in building the PLS grade models.
Also, the uncertainty in the PLS models based on the TCAMS and
SAMS data was significantly smaller than in the model created
from the ATR-FTIR data set.

3.4. Discrimination of ylang-ylang EOs according to the geographical
origin

The YY EO samples used in this study had several geographical
origins (see Table 1). Most of the samples came from Madagascar
and The Comoros, which are the biggest exporters of this EO.
The Complete grade was obtained from Madagascar, Australia,
and Congo, while YY EOs coming from Indonesia did not have
a specified grade. Also included were two samples from France
and one from Nepal. However, these samples, due to their small
number, were not used in creating the prediction models.

In order to make comparisons between the geographical ori-
gins of the samples, it was necessary to avoid the influence of
differences in distillation times. Since we did not have samples
of all the grades from all geographical locations, a PLS-DA model
was created from samples that belonged to the same grade.
Accordingly, a single PLS-DA origin prediction model was created
for the Complete samples coming from Madagascar, Australia, and
Indonesia, while another was created for lower grade samples
from Madagascar, Comoros, and Congo.

PLS-DA models based on TCAMS, SAMS and ATR-FTIR, differ-
entiated between YY grade I EOs coming from Congo, Comoros,
and Madagascar, as well as YY Complete samples coming from
Australia, Indonesia and Madagascar. The model based on the
chemical composition data set had sensitivity 0 for samples com-
ing from Congo, as well as from Australia and Indonesia, which
indicate that this model was not able to positively identify those
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Table 3

Prediction of geographical origin (Congo, Comoros, Madagascar) and (Madagascar, Australia, Indonesia) using PLS-DA on total chromatogram average mass
spectrum (TCAMS), segment average mass spectrum (SAMS), chemical composition and attenuated total reflectance - Fourier transformation infrared spec-
troscopy (ATR-FTIR) data sets. Specificity and sensitivity were determined for both calibration (Cal) and cross-validation (CV) sample sets, as well as number

of latent variables (LV) used in creating the PLS-DA model.

TCAMS SAMS Chemical composition ATR-FTIR
Specificity ~ Sensitivity ~ Specificity = Sensitivity =~ Specificity = Sensitivity =~ Specificity =~ Sensitivity
Comoros Cal 1.0 1.0 1.0 1.0 0.60 1.00 1.00 1.00
Ccv 1.0 1.0 1.0 1.0 0.60 0.86 1.00 1.00
Congo Cal 1.0 1.0 1.0 1.0 1.00 0.00 1.00 1.00
Ccv 1.0 1.0 1.0 1.0 1.00 0.00 1.00 1.00
Madagascar Cal 1.0 1.0 1.0 1.0 1.00 1.00 1.00 1.00
(a7 1.0 1.0 1.0 1.0 0.91 1.00 1.00 1.00
Number of LVs 6 5 2 5
Explained variance in CV (%) 88.52 89.96 38.15 85.47
Australia Cal 1.00 1.00 1.00 1.00 1.00 0.00 1.00 1.00
Ccv 1.00 1.00 1.00 1.00 0.91 0.00 1.00 1.00
Indonesia Cal 1.00 1.00 1.00 1.00 1.00 0.00 1.00 1.00
Ccv 1.00 1.00 1.00 1.00 1.00 0.00 1.00 1.00
Madagascar Cal 1.00 1.00 1.00 1.00 1.00 0.86 1.00 1.00
Ccv 1.00 1.00 1.00 1.00 1.00 0.86 1.00 1.00
Number of LVs 2 2 1 3
Explained variance in CV (%) 98.81 98.1 29.47 89.56

samples. Observing the parameters of prediction (see Table 3),
SAMS required the least number of LVs, as well as the explained
variance was the highest, compared to other data sets which
differentiated between all origins.

3.5. Prediction of chemical composition

Since the abundances of the m/z fragments are directly de-
pendent on the qualitative and quantitative characteristics of the
analysed samples, it was possible to find mathematical models
to calculate the relative abundances of the analytes based on the
measured m/z abundances. In this way, a PLS prediction model
for the quantification of 18 compounds based on GC-FID relative
abundances, was created. ATR-FTIR coupled with PLS has already
been established in the literature as the method that can be
used for prediction of chemical composition of EOs [21,22], and
it will be used as a benchmark method. Evaluating the prediction
model parameters, TCAMS and ATR-FTIR showed very similar
performances, where in the case of prenyl acetate, (E)-cinnamyl
aldehyde, methyl benzoate, and (EE)-farnesyl acetate, ATR-FTIR
showed better performance, while in case of B-caryophyllene,
y-muurolene, and §-cadinene, TCAMS had a lower REP (Fig. S8).

SAMS showed equal or better prediction performance (Table 4),
compared to the other data sets, in prediction of chemical compo-
sition, where 9 out of 18 compounds were predicted with a REP
lower than 10%, six with REP values between 10-15%, and only
three having REP values above 15% (see Fig. S8).

3.6. Application of PLS prediction models in quality assessment of YY
EOs

Quality assurance of different distillation grades of YY EOs is
done by comparing the abundance of the main compounds with
the available ISO 3063:2004 standard “Oil of ylang-ylang [Cananga
odorata (Lam.) Hook. f Thomson forma genuine]”. Among the 18
predicted compounds, there were 15 that are used to assess the
compliance of YY samples with the ISO 3063:2004 standard. Here,
we explore the possibility of using the values predicted by PLS
prediction models from TCAMS, SAMS, and ATR-FTIR data in the
quality assessment of YY EOs. Misclassification (MC) and REP were
used as the parameter for assessing the goodness of application
of the PLS models for quality assessment. MC can be defined as
a percentage of false positives and negatives compared to total
number of comparisons.

In the case of the PLS model created on the SAMS data set, the
calculated MC was 2.5%, while in the case of the TCAMS ATR-FTIR
data sets this value was 6%. Most of the false positives and neg-
atives were with the values close to the range limits where even
small differences led to different conclusions. Also, compounds
with small abundances, such as prenyl acetate, had higher REP
values, which led to higher rates of misclassification.

4. Conclusion

This study outlines the advantages of utilising a m/z fragment-
based chemometric approach for characterisation of YY EOs, as
compared to traditional procedures, chemical composition, and
ATR-FTIR. Performances of two GC-qMS-based data sets (TCAMS
and SAMS) in EO discrimination between grades, origins, and in
quality assessment, were evaluated using PCA and PLS models. It
was clear that TCAMS-based models are much faster and more
readily created. The only requirement to apply SAMS with such
statistical techniques is to match the segments between the sam-
ples, where the same compounds must be picked in the same
segment through the whole data set.

PCA performed on the SAMS data set required only PC 1, while
in case of TCAMS it required two PCs to reveal the trend between
different YY grades.

In this work, it was shown that PLS regression models are
a fast and robust approach for the evaluation of YY EO grades
(fragrance), which is of immense importance in the perfume and
cosmetic industries. Also, using PLS-DA models, it was possible to
differentiate between YY picking locations/geographic origins.

Quantitative characterisation of 18 compounds was successfully
performed creating PLS regression models on TCAMS and SAMS
data sets, eliminating the quantification by GC-FID. The PLS model
created on the SAMS data showed superior performance with a
REP lower than 10% for most compounds. The values obtained
were used to evaluate the quality of the YY samples in comparison
with the appropriate ISO standard. MC values of 6% and 2.5%
for the TCAMS and SAMS data sets shows possibility for their
application in EO quality assessment.

In this work, the potential for application of two readily created
data sets from GC-MS raw data, TCAMS and SAMS, in YY grade and
origin was demonstrated. Also, quality control of YY EO based on
TCAMS and SAMS have clear advantages over traditional approach.
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Table 4

Figures of merit for PLS regression models of 18 compounds in the YY EO using total chromatogram average mass spectrum (TCAMS), segment average mass spectrum (SAMS) and attenuated total reflectance - Fourier

transformation infrared spectroscopy (ATR-FTIR) data. Figures of merit consist of the number of latent variables (LVs), root mean square error of calibration (RMSEC), root mean square error of cross-validation (RMSECV), relative

error of prediction (REP) and coefficient of determination (R?).

ATR-FTIR

SAMS

TCAMS

RMSEC RMSECV  REP(%) R? Bias

LVs

RMSEC RMSECV  REP(%) R? Bias

LVs

Bias

R2

RMSECV  REP(%)

RMSEC

LVs

Concentration range (%)

0.0
0.0
0.0
0.0
0.0
0.0

0.94
0.98
0.99
0.98
0.98
0.95

42.2

0.09
0.65
0.33
1.17
0.87
0.24

0.06
0.33
0.21
0.69
0.46
0.17

0.0
0.0
0.0
0.0
0.0
0.0

0.96
0.98
0.99
0.99
0.99
0.98

424

0.10
0.52
0.17
0.64
0.33
0.18

0.06
0.34
0.14
0.34
0.18
0.09

0.0

0.70
0.97
0.98
0.98
0.97
0.90

69.7

0.18
0.65
0.43
0.98
0.91
0.23

0.16
0.50
0.34
0.68
0.69
0.19

0.00-0.97

Prenyl acetate

17.6

10
10
10

14.2
7.5
8.7

0.0

18.1

10
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