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Gas chromatography electron impact ionization mass spectrometry (GC-EI-MS) has been, and remains,
the most widely applied analytical technique for metabolomic studies of essential oils. GC-EI-MS analysis
of complex samples, such as essential oils, creates a large volume of data. Creating predictive models
for such samples and observing patterns within complex data sets presents a significant challenge and
requires application of robust data handling and data analysis methods. Accordingly, a wide variety of
software and algorithms has been investigated and developed for this purpose over the years. This review
provides an overview and summary of that research effort, and attempts to classify and compare different
data handling and data analysis procedures that have been reported to-date in the metabolomic study of
essential oils using GC-EI-MS.

© 2021 Elsevier B.V. All rights reserved.

1. Introduction

Metabolomics is the systematic determination of the metabo-
lite profile within biological samples, such cells, biofluids, tis-
sues, organs and organisms, at any specific point in time. Collec-
tively, these metabolites, and their functional interactions within
biological system, are known as the metabolome. Differences in
metabolomes reflect responses of the system to environmental or
genetic variations, and their study provides insight into the precise
nature of these specific physiological responses [1].

Essential oils (EOs) consist of volatile and semi-volatile com-
pounds, which are products of the secondary metabolism of plants,
where each species and chemotype produces EOs with unique
chemical profiles [2,3]. Secondary metabolites are accumulated and
stored in the plant organs at different rates, leading to the differ-
ences in the organ metabolomes. Abiotic factors coming from the
geographical location also affect the physiological responses within
the plant and consequently the chemical profile of EOs, as well as
their physicochemical properties and biological potency [4-6].

Gas chromatography electron impact ionization mass spectrom-
etry (GC-EI-MS) is the most widely used technique for the sepa-
ration and chemical profiling of EO [7]. GC-EI-MS produces repre-
sentative and reproducible chromatograms of volatile metabolites,
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together with the associated mass spectra for each separated com-
ponent peak, which are then used to aid metabolite identification.
EOs are complex samples which may contain up to several hun-
dred compounds. For example, in the case of vetiver EO, a compo-
sition of in excess of 500 compounds has been identified, utilising
comprehensive two-dimensional gas chromatography mass spec-
trometry system (GC x GC-MS) [8]. As a result of such sample
complexity, GC-EI-MS metabolomic analysis of EOs inevitably pro-
duces large volumes of data. Therefore, to fully ascertain the effect
of genetic and environmental variations on EO metabolome profiles
typically requires application of multivariate statistical techniques
[9]. Prior to any data analysis technique, the recorded raw data cre-
ated via GC-EI-MS analysis needs to pass through data handling
steps. Firstly, datasets need to be “cleaned” from any unwanted ex-
perimental and instrumental artefacts through data pre-processing.
Also, the size of datasets needs to be reduced, as well as fea-
tures aligned. If not performed appropriately, data handling pro-
cedures can introduce new unwanted variations, and hamper final
metabolomic interpretations [10].

Data analysis techniques can be divided on pattern recogni-
tion and classification approaches, prediction methods, and mul-
tiway resolution techniques. An important aspect of pattern recog-
nition techniques is the possibility to visualise multidimensional
datasets into two- or three-dimensions, while preserving the vari-
ance among the samples [11]. This provides for observation of sim-
ilarities/dissimilarities among samples. By determining the impor-
tance of each metabolite/feature in the created models, final con-
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clusions regarding the effects of genetic and environmental varia-
tions on the EO chemical profiles can be made.

Over the years, there have been a number of reviews pub-
lished on multivariate approaches in metabolomic studies, based
on either GC-MS, liquid chromatography-mass spectrometry (LC-
MS), or nuclear magnetic resonance spectroscopy (NMR) [11-21].
However, this review differs from those previously in its exclu-
sive focus on novel approaches the handling of GC-EI-MS data, and
specifically on feature alignment, data reduction, and feature selec-
tion in GC-EI-MS based metabolomic studies. Different statistical
approaches to pattern recognition, prediction, and multiway reso-
lution techniques, as well as validation models, applied within EO
metabolomic studies, are also critically reviewed. This review also
provides guidance in terms of advantages and potential pitfalls in
GC-EI-MS data handling and validation procedures, in order to help
practitioners in creating more robust models delivering greater ac-
curacy.

2. Data handling and data analysis workflows

Fig. 1 depicts the typical workflow of a GC-EI-MS based
metabolomic study. This process may consist of multiple steps, in-
cluding data acquisition, data pre-processing, feature alignment,
pre-treatment, data reduction, feature selection, data analysis,
model validation and examination. Determination of the appropri-
ate procedures for data handling and data analysis depends on
several factors, including the nature of the particular phenom-
ena under investigation, the defined metabolomic questions, and
whether undertaking a targeted or untargeted approach within the
metabolomic study.

2.1. Dimensionality and data acquisition in GC-EI-MS

In the GC-EI-MS analysis of EOs, each separated component
provides a unique fragmentation pattern (m/z profile). The m/z in-
tensities are recorded as a function of time and correspond to the
chromatographic retention of the associated peak. Consequently,
a three-way data array is created for each separated component,
with retention time, m/z fragments, and intensities, a typical exam-
ple of which can be seen as Fig. 2. In GC-EI-MS based metabolomic
studies, where numerous samples of differing background are anal-
ysed, four-way data arrays are formed [22].

Data acquisition in GC-EI-MS can be performed either in pro-
file or centroid mode. The real-time MS signal is always a contin-
uous signal, which is sampled at a predefined time interval or dis-
placement (distance), before being translated into the m/z profile.
The profile is a convoluted signal between the theoretical isotope
distribution and continuous function, called the peak shape func-
tion. The peak shape function provides a numerical representation
of the arrival time distribution of a population of isotopically pure
m/z ions, and it depends on the m/z ion energy and velocity spread
inside the MS. The peak shape function is unique for each MS un-
der given conditions, such as mass analyser geometries and applied
voltages on various ion lenses [23].

The centroid data acquisition mode is much more common
within GC-EI-MS. In this mode, from multiple m/z values corre-
sponding to the same peak, only a single m/z is recorded with zero
width, as the weighted centre of the m/z histogram. The inten-
sity associated with the centroid m/z is the normalised area of the
peak, calculated from the intensities of the associated data points
[21]. Recording the data in centroid mode, detection of the noise
level, linearity of ion signals, and designation of isotopes’ fine fea-
tures becomes more complicated [23]. Centroid data acquisition
significantly decreases the data amount and size of the recorded
files, although also sees a loss of information.
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2.2. Signal pre-processing

Obviously, the majority of the signal and/or profile obtained in
the instrumental analysis of a complex sample are specific to the
sample itself, and components thereof. However, variations in the
signal/profile can also originate from the applied instrumental and
experimental conditions. To remove all unwanted signals coming
from such instrumental and experimental conditions, it is neces-
sary to perform data pre-processing steps. In this way, only rel-
evant information related to the chemistry of the samples is ob-
tained [24]. The variations due to instrumental and experimental
conditions can emerge as baseline drift and spectral background.
The latter portion is more significant for complex samples, which
includes EOs. Fortunately, the negative effect of these inputs can
be reduced using various denoising and smoothing methods, such
as Fourier transformation (FT) and Savitzky-Golay derivatives, rep-
resenting two of the most important procedures [25]. Noise can be
removed by smoothing the signal, applying local medians, applying
locally weighted scatterplot smoothers, or using wavelets [25]. If
smoothing is performed by a weighted function, different parts of
the spectra can be corrected independently [18]. Different baseline
effects can lead to a vertical offset or a slope of the instrumen-
tal signal, which differs between different analytical techniques.
The most common way for correcting a baseline is performed by
subtraction of the estimated baseline from the measured spec-
trum [24]. Estimation of a baseline can be performed by detrend-
ing [26] or utilising an asymmetric least squares smoothing (AsLS)
algorithm [27]. In the detrending technique, a fixed degree polyno-
mial curve is fitted to the spectrum and subsequently subtracted
from the instrumental signal. In the AsLS approach, the baseline
is estimated using a smoother signal combined with asymmetric
weighting of the deviations, observed from the smoothed peak sig-
nal. A derivative of the signal can also be used to correct for the
baseline effects. A first-order derivative is applied to correct for a
constant baseline (offset), while a second-order derivative will cor-
rect for a baseline slope, where the Savitzky-Golay algorithm is fre-
quently used. However, derivatives can reduce the signal-to-noise
ratio (S/N) [10] and subsequently increase the limits of detection
and quantification of the instrumental method.

2.3. Data alignment

To observe differences among samples and create prediction
models, there must be one-to-one correspondence between the
variables being compared. This is done through the process of peak
detection and deconvolution, followed by chromatogram align-
ment. For automatic peak detection, it is important to differenti-
ate the signals originating from the sample, from that of the noise.
Setting a single threshold to differentiate between signal and noise
for a whole GC analysis is problematic, since there is typically
an increase of the baseline during the chromatographic run, due
to the application of a temperature gradient. As a result, proce-
dures that can evaluate peak shape together with minimal inten-
sity (peak area or S/N) are widely applied to distinguish signals
from noise. Most of the applied algorithms for the peak detection
use either derivative techniques or matched filter responses. The
algorithms based on the first derivative of total ion current chro-
matogram (TICC) signal, consider the fact that true peaks will have
signals going from positive to negative with zero-crossing (at peak
maximum). The problem with the calculation of signal derivatives
is that it magnifies noise. Therefore, an extensive and appropriate
data pre-processing step is required. In contrast, the matched fil-
ter approach applies the assumption of the Gaussian shape of the
peaks, without affecting the S/N [28].

Peak detection is followed by the peak/feature alignment.
Proper alignment, in both m/z and retention time dimensions, is
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Fig. 1. Data handling and data analysis flowchart in GC-EI-MS metabolomic studies.

a mandatory requirement to create the input data matrix for sub-
sequent data analysis procedures. While shifts along the m/z axis
are usually easily corrected using calibration, alignment along the
retention time axis is more complicated. Even though improve-
ments in chromatographic instruments has reduced these shifts,

they can originate from unforeseen factors, including tempera-
ture fluctuations or column deterioration [21]. Many algorithms
have been developed for the chromatographic alignment along
the retention time axis (see Table 1). The most common ap-
proaches for the chromatographic peak alignment, applied in com-
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Fig. 2. A typical three-way data array recorded in GC-MS analysis.

mercially available software for LC and GC alignment, are based
on the warping methods [29]. In this approach, the goal is to
match specific (known) components between runs by mapping
the shifts along the retention time axes. To achieve this, chro-
matograms are shifted, stretched, or squeezed monotonically un-
til the differences between known component retention times are
minimized. In the dynamic time warping (DTW) algorithm, peaks
present across all chromatograms are used to minimise the re-
tention time shifts during the analysis. In contrast, correlation-
optimized time warping (COW) performs the alignment of the cor-
related m/z features. This is done through a piecewise linear align-
ment, where chromatograms are segmented, and each segment is
adjusted (shrunken or stretched) to minimise retention time differ-
ences to the reference chromatogram (see Fig. 3). When applying
such warping methods, due to the theoretical limitations of the al-
gorithm, component-level shifts cannot be corrected. The warping
function operates on a systematic level, where the scale is bounded
by computational complexity. If the warping function is applied on
more segments, more computation power is required [29]. With
chromatographic separations, it is known that some sample com-
ponents with similar selectivity can switch elution order. There-
fore, most of the warping algorithms make the wrong assumption
that elution order is preserved across runs. This change in elution
order can only be corrected if the compounds in question have dif-
ferent masses and their m/z channels are warped independently
[29]. In addition, application of warping algorithms can deform the
original signal, which is detrimental when searching for patterns
among the samples in the subsequent data analysis procedures,
specifically where feature intensities are targeted in the discrim-
ination/prediction models [30].

MetAlign [31] performs alignment by selecting the m/z features
present across all samples, defined as landmarks. Through the it-
erative adjustments of landmarks versus the reference sample, all
m/z features are corrected. The XCMS algorithm utilises a nonlinear
retention time alignment method. In this approach, the observed
deviations along the retention time axis are considered nonlinear
and a local regression fitting method (LOESS) is applied. The LOESS
approach segments the chromatogram, and retention time drifts
within each segment are corrected by fitting low-order polynomi-
als. This allows component-level shifts in the segment to be de-
tected and corrected [32]. MZmine 2 [33] applies the same LOESS
algorithm together with a random sample consensus (RANSAC) al-
gorithm to estimate the optimal segment size for the alignment
procedure.

Compared to warping techniques, the direct match approach
aligns analytes based on established correspondence between mass
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spectra and retention indices. This approach is more common in
software dedicated to the alignment of GC-EI-MS chromatograms.
With the alignment procedure applied within TagFinder, reten-
tion indices are calculated based on the retention time of inter-
nal reference standards with known retention indices, such as n-
alkanes or fatty acid methyl esters, through linear interpolation
[34]. Based on these retention indices and mass spectra, mass frag-
ments are sorted. The mass fragments from the same compounds
across all samples are binned and aligned into mass tags and a
Pearson/Spearman correlation is applied to identify correlated clus-
ters of tags [34]. In the TargetSearch algorithm, peaks are aligned
based on the retention indices [35]. With the ChromAlignNet soft-
ware, a deep neural network is implemented to calculate similar-
ity between the peaks based on their corresponding mass spectra,
peak profiles and the segment of the chromatogram in which they
elute [36]. Fragment-level analysis (flagme) [37] and Python toolkit
for processing of GC-MS data (PyMS) [38] are based upon align-
ment procedures that apply dynamic programming approaches. In
these methods, the similarities between peaks are calculated from
their retention time and mass spectra. The alignment between
the chromatograms is built progressively based upon similarity of
their chemical profiles, starting with two chromatograms with the
most similar chemical profiles. Recently developed QPMASS uses
an advanced dynamic programming approach to align peaks, again
based on retention time and mass spectra. Implemented parallel
computing allows for fast processing of large datasets, while in-
troduced missing value filtering and backfilling procedures reduce
the number of potential misalignments [39]. eRah [40] is a free
computational tool written in the open language R, which per-
forms a peak deconvolution prior to peak alignment (Fig. 4). In
this process, the user defines the maximum retention time drift
and minimum spectral similarity for positive peak identification
among chromatograms. The alignment is then performed through
computation of Euclidean distances between the retention times
and spectral similarity, where compounds appear across the maxi-
mum number of samples with the least retention time and spectral
distance.

Another important step in peak alignment is defining the quan-
titative characteristics of the aligned peaks. Selection of the best
quantitative m/z is a critical step in the GC-EI-MS data analysis, and
therefore different strategies have been developed for selection of
quantitative m/z within existing software. In the MetaboliteDetec-
tor algorithm the most intense and unique m/z, not shared with
neighbouring peaks, are chosen. In PyMS, a single ion shared in all
peaks in a certain time (from N abundant ions in the alignment re-
sults) is chosen, while in flagme, intensities of all ions correspond-
ing to a peak are calculated. QPMASS uses a three-parameter strat-
egy to select the optimal quantification m/z. If peak quantification
is based on different mass fragments for the same peak in different
samples, quantitative comparison between the samples becomes
difficult and leads to wrongful conclusions [39].

Many algorithms, like XCMS and MetAlign, have been primarily
developed for peak alignment in LC-MS. However, they have also
been commonly applied to GC-EI-MS data. Being oriented toward
the detection of single m/z, they can accurately detect single m/z
traces. Therefore, in GC-EI-MS analysis, they do not assemble frag-
mentation patterns for each component, but rather report multiple
my/z for each analyte [38].

Most of the alignment algorithms require the application of
a reference sample, which is chosen by the user. This can cause
different solutions based on the chosen reference sample. Critical
assessment and comparison of GC-MS data alignment algorithms
can be found elsewhere [41,42]. Vestner et. al. [43] proposed a
mathematical method for the transformation of three-way data
arrays from GC-MS through segmentation of the chromatograms
using sums of squares and cross-product (SSCP) matrices. In this
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Table 1
The reported alignment algorithms for the GC-MS data processing.

Programming Chromatographic
Alignment procedure Software interface data Files Platform Ref.
Non-linear retention time alignment XCMS and CLI, GUI LC-MS/GC-MS NetCDF, mzXML, R [32,46]
XCMS online MzData, mzML
Detection and connection of consecutive m/z MzMine 2 GUI GC-MS/LC-MS Most of GC-MS data Java [33]
values spanning over multiple scans, performing format
deconvolution followed by m/z alignment
Two modes of rough and iterative alignment MetAlign CLI GC-MS/LC-MS Masslynx.raw, mzData,  C, Visual C++ [31]
Xcalibur.raw, NetCDF,
mzXML, Agilent.d
Alignment through the deconvolution process AMDIS GUI GC-MS Most of GC-MS data — [47,48]
format
Linear interpolation between retention time TagFinder GUI GC-EI-MS/GC- NetCDF Java [34]
anchors to calculate retention index; Pearson/ TOF-MS
Spearman correlation is applied to find correlated
clusters of tags
lon extraction process from chromatograms based MET-IDEA CLI GC-MS NetCDF Windows, .NET  [49]
on ion - retention time pairs platform
Peak detection by first derivative of the signal, Metabolite GUI or CLI GC-MS NetCDF, JEOL C++ [50]
followed by peak deconvolution, determination of Detector FastFlight2
quantification ion; peak aligned based on
retention index, shifts between analyses corrected
using internal standard
Peak detected using XCMS function, application of metaMS GUI GC-MS CDF, mzXML R [51]
pseudospectra, a set of co-eluting m/z, for peak
matching
Peaks identified as retention index - mass MSeasy GUI GC-MS netCDF, mzXML, ASCII R [52]
spectrum pairs followed by unsupervised
clustering methods for the peak assignment
based on MS similarities
Dynamic time warping with an explicitly MathDAMP GUI LC-MS, ChemsStation.ms, Mathematica [53]
specified time shift function to align the data by GC-MS, CE-MS  mzXML, netCDF,
minimising the dynamic programming score, Analyst.csv

followed by adjustments of signal to compensate

for the compression or expansion of the peaks

Peak apex intensities are used for peak picking TargetSearch GUI or CLI GC-MS NetCDF R [35]
while retention time index is used for retention

time alignment

Retention indices used to minimize retention MetaQuant GUI GC-MS NetCDF Java [54]
time shift

Performs deconvolution through identification of =~ PyMS CLI GC-MS ANDI-MS/NetCDF, Python [38]
local maxima followed by comprising JCAMP-DX

neighbouring apexing ions into the same signal

peak. Dynamic programming used for peak

alignment

Deep learning neural network algorithm ChromAlignNet  CLI GC-MS csv Python [36]
comparison of retention time, chromatogram

segment, peak profile and mass spectra of peaks

indicating how likely these peaks should be

aligned together

Dynamic programming-based alignment flagme CLI GC-MS AMDIS.elu, NetCDF R [37]
Parallel computing method for aligning peaks QPMASS CLI GC-MS mzXML, netCDF C++ [39]
through calculation peak similarity score

A two-step deconvolution based on compound eRah CLI GC/MS mzXML R [40]

match by local covariance and orthogonal signal
deconvolution. eRah computes the Euclidean
distance between retention time distance and
spectral similarity

Aligning each sample to reference sample based PYQUAN CLI Pyrolysis- ANDI-MS Python [55]
on individual aligning parameters GC/MS
Pairwise alignment using dynamic time warping; =~ ChromA CLI GC-MS/LC-MS netCD, Java [56]
matched peaks of already identified compounds ASTM/AIA/ANDI-
used as anchors MS,xml,

mzXML
Alignment of the MCR-ALS resolved co-eluting MCR-ALS GUI GC-MS cdf, csv Matlab [57]
peaks based on similarity of mass spectra profiles
Peaks are defined as mass spectrum and retention MARS CLI GC-MS — Matlab [45]

time pairs, where heuristic evolving latent

projections (HELP) is used for resolving co-eluting

peaks; moving sub-window factor analysis

(MSWEFA) used to locate and verify a component

in the chromatogram

Deconvolution of whole chromatograms based on  PARADISe GUI GC-MS cdf, Matlab Matlab [44]
PARAFAC2 algorithm

GUI: Graphical User Interface
CLI: Command Line Interface
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way, the bilinear/trilinear data structure (due to the peak shifts) is
restored and allows application of multiway resolution methods,
which require a strict data trilinearity, e.g. parallel factor analy-
sis (PARAFAC). Multiway resolution algorithms, such as multivari-
ate curve resolution (MCR), PARAFAC, PARAFAC2, and PARAFAC2-
based software PARADISe [44] and MARS [45], perform peak align-
ment and quantification through the deconvolution of the spectral
information from the raw three-way data arrays generated during

GC-EI-MS analysis. More information about these techniques can
be found in Section 3.4.4 (Multiway resolution techniques).

2.4. Data pre-treatment

Variations in the measured response, which are unrelated to the
chemical profile differences, are common when numerous samples
are analysed. These variations arise from small differences in sam-
ple volumes during sample preparation and injection, as well as in
instrument performance due to the fluctuations in ionisation, ion
transfer and detector efficiency. They are typically the same for all
sample components and can be corrected by a normalisation pro-
cedure [18]. The most common normalisation procedures apply the
sum, mean or the median of the responses of all metabolites across
a sample as a normalisation factor. Normalisation can be also per-
formed based on the chosen internal standard [10,18].

Another consideration with the raw dataset (signal) for multi-
variate statistical analysis is that some important information may
be within variables with small relative abundances. This informa-
tion may be masked by the variance of other variables with higher
abundances. Therefore, different scaling methods have been pro-
posed to equalise the potential of each variable to contribute to
the created model. The most commonly applied procedure to re-
duce this effect is autoscaling (standardisation), where all mea-
sured values for a variable are divided by its standard deviation.
However, this procedure can lead to the inflation of importance of
noisy variables with low standard deviations. Pareto and level scal-
ing are techniques which try to equalise the variable contributions
by assigning a different weight to each variable [10].

Another signal pre-treatment procedure is element-wise trans-
formation. This differs from scaling as it is performed by modifica-
tion of individual elements in the data matrix rather than entire
variables. The best examples of such transformations are power
and log transformations, which simply take the square root or
log of each individual data element, respectively. An advantage
of these transformations is that they lead to correction of het-
eroscedastic data, as well as data which do not follow a normal
distribution. Also, power and log transformation cause pseudo scal-
ing effect by reducing the difference between large and small val-
ues within the dataset. Another transformation method is based
upon the rank, where the original values are replaced by their
ranks, which consequently decreases the influence of outliers.
However, this can hamper interpretation of the information in the
created model [58]. The downside of such data scaling and trans-
formation techniques is the inflation of the noisy variables that
can diminish the performance of the statistical techniques [18].
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More about these pre-processing techniques can be found else-
where [10,58].

2.5. Dimensionality reduction - data size reduction

Application of multivariate statistical approaches on raw full-
spectral information recorded during GC-EI-MS analysis is prohib-
ited for two main reasons. Firstly, the size of the dataset from a
single EO metabolomic study that would require significant com-
putational power. Secondly, the majority of variables/features do
not contain any relevant information and their inclusion is detri-
mental to data analysis procedures. Reducing the size of such data
matrices significantly simplifies their multivariate analysis. This is
especially important in the GC-EI-MS analysis, where a 60 min
analysis, with mass range of 200 and data acquisition frequency
of 10 Hz, can produced 7.2 million data points in centroid mode.
The most common approach for such chromatographic data reduc-
tion is the generation of chemical profiles, where all m/z generated
in each scan are summed, creating a TICC (Fig. 5).

Multivariate statistical analysis, in GC-EI-MS based metabolomic
studies, are most commonly applied to chemical profiles ob-
tained from TICC, since discriminatory metabolites can be revealed
through the data mining process. Due to heterogeneity among
samples or the low concentration of some analytes, below detec-
tion limits, the compiled chemical composition dataset may con-
tain missing analytes (missing values/features). This problem can
be addressed in several ways. Firstly to disregard all the variables
with missing data. This may be the optimal solution if the per-
centage of missing data is relatively low. If the percentage of miss-
ing values is higher, simply by disregarding the missing data, the
dataset is simplified, with the important information being lost.
Second approach is to impute the missing values. However, an ar-
bitrarily chosen algorithm for the missing data imputation can in-
troduce a large bias to the dataset and significantly affect further
data analysis and the resulting conclusions [59]. Therefore, the first
step in selecting an appropriate missing data imputation algorithm
is estimating the nature of the missing values. If it is known that
missing values are coming from the quantity of analytes present
but below limit of detection, missing data can be replaced with
the small arbitrarily chosen numbers. If the origin of the missing
data is unknown, an algorithm based on searching local or global
similarities, like K nearest neighbour (KNN), should be used. In any

case, several algorithms should be compared to avoid introduction
of bias into the dataset [59].

A GC-EI-MS data matrix can also be presented as a function of
m/z, by averaging the intensity over the whole chromatogram, cre-
ating a total chromatogram average mass spectrum (TCAMS) data
matrix, as depicted in Fig. 5 [60-62]. This allows straightforward
compiling of the input data matrix for multivariate statistical anal-
ysis, without the necessity for application of peak detection and
alignment algorithms, see Table 2, while the final data matrix does
not include missing data points. However, the achieved chromato-
graphic separation is not considered in creating such datasets. Ap-
plication of TCAMS impairs data mining because attributing a m/z
to a certain compound in the chemical profile can be troublesome,
as compounds within EOs belong to only a few chemical classes
and have similar fragmentation patterns. On the other hand, util-
ising TCAMS in data analysis allows different instrumental condi-
tions and temperature gradients to be applied for the analysis [63].

Segmented average mass spectrum (SAMS) exploits the advan-
tages of TCAMS and preserves the level of chromatographic sep-
aration. SAMS is created by dividing a GC-EI-MS three-way data
array into time dependent sub-windows, where for each the AMS
is calculated (Fig. 5). Criteria for the segment determination can
be chemical class [63], specific targeted markers present in each
sample [64], or alkane sequence [65]. Since this approach does
not require strict peak alignment, the number of segments can de-
pend on the complexity of the sample. Taking into account a cer-
tain level of chromatographic separation significantly increases the
amount of information preserved in the input dataset for subse-
quent multivariate statistical analysis and increases the model ac-
curacy [63]. Adutwum and Harynuk developed an unique ion fil-
ter (UIF) procedure to reduce the number of retained m/z for each
peak to the most important few, enabling a decrease of variables
by 99% and computing time for 98%, while preserving the model
accuracy [66]. This algorithm is applied after the chromatogram
alignment procedure. Prediction models, created on data obtained
through data reduction procedures, have a low risk of model over-
fit, which may be a problem in feature selection procedures, see
Table 2.

2.6. Feature selection in GC-MS studies

In most data reduction approaches three-way GC-EI-MS data ar-
rays are reduced in an unsupervised manner. This can lead to loss
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Table 2
Data reduction and feature selection procedures and their characteristics.
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Alignment Model overfitting Interactions among  Computational Dependence on ranking algorithm
Procedure required possibility variables time or data analysis technique
Data Chemical profile Yes No No Low No
reduction TCAMS No No No Low No
SAMS Alignment of No No Low No
segments
Unique filter Yes No No Medium No
Feature Filter Yes No No Low Yes, ranking algorithm
selection Wrapper Yes Yes Yes High Yes, data analysis procedure
Algorithm embedded Yes Yes No Low Yes, data analysis procedure
Hybrid Yes No Yes Medium Decreased dependence on ranking

and data analysis techniques

of some important information while some of the uninformative
features may be preserved. In contrast, different selection strate-
gies enable selection of features containing the relevant informa-
tion, by eliminating as many irrelevant features as possible. In this
way, more robust models with greater accuracy and precision are
created. However, the relevance of features is based on the applied
data analysis algorithms, and different algorithms may preserve
different features, which may lead to different metabolites/features
identified as important in the data mining steps.

The feature selection methods that are applied to GC-EI-MS
data, require the chromatograms to be aligned in both retention
time and m/z dimensions. Feature selection algorithms falls into
four main categories of ‘filter’, ‘wrapper’, ‘embedded’, and ‘hybrid’
methods [G7]. Filter methods assess the merits of the feature it-
self, independent of the applied data analysis technique, and they
can be based on data similarity, applied statistical methods, or re-
sponse/class. Similarity-based methods assess the features’ impor-
tance by their ability to preserve data structures from the original
datasets. In the case of supervised feature selection, data similar-
ity can be derived from the class/label information, while most of
the unsupervised feature selection methods take advantage of dif-
ferent distance metric measures to obtain the data similarity. The
most common similarity-based methods are Laplacian Score, Fisher
Score, Trace Ratio Criterion, and ReliefF. Another class of the fil-
ter algorithms is based upon different statistical analysis. Most of
the statistical-based algorithms analyse the features individually.
Hence, feature redundancy is inevitably ignored during the selec-
tion phase [68]. The representative algorithms of this class are Low
variance, T-score, Chi-square score, and GINI index. Response/class-
based methods represent a large family of the existing filter algo-
rithms. Algorithms in this family measure the importance of fea-
tures, by maximising feature relevance, while minimising feature
redundancy. Since the relevance of a feature is usually measured
by its correlation with response/class labels, most feature selec-
tion approaches of this family are performed in a supervised way
[68].

Filter methods are general selection procedures, in which the
feature selection is independent of any learning algorithm, mak-
ing the models less prone to overfitting. They are computation-
ally inexpensive approaches that computes a ranking metric for
each feature, representing the importance of the variable [69,70]. A
problem with such filter methods is that different ranking metrics
provide different feature selections. Also, similarity- and statistical-
based methods evaluate the importance of features individually
and hence cannot handle feature redundancy, where many cor-
related features can be present in the final selection. In con-
trast, most of the response/class-based feature selection algorithms
can distinguish between feature relevance and feature redundancy
[68]. Filter methods have been also used in hybrid approaches as
a preselection step, prior to any other feature selection algorithm.
Filter methods do not consider the interactions among the vari-

ables, as presented in Table 2. Therefore, in most cases, finding the
optimal subset of features through the filter methods is not pre-
ferred unless the interactions and additive effects among variables
are considered.

Wrapper techniques perform feature selection around an ap-
plied multivariate or a machine learning algorithm. Thus, the data
analysis approach in the feature selection procedure is used as an
evaluation function to help estimation of the worth (merit) of each
feature [67]. The feature selection can be performed through step-
wise forward selection (FS), or stepwise backward elimination (BE).
In the BE procedure, the feature selection process starts with all
variables of interest, followed by sequential removal of them. If
the removed variable does not have negative impact on the model
accuracy, it is removed permanently. In this way, the impact of
each variable on the model accuracy is evaluated. Compared to
the FS method, BE is computationally more “expensive”. However,
its significant advantage is that the influence of each variable is
evaluated in the context of other variables [67,69]. Models created
on features selected through such procedures show greater accu-
racy, compared to models created on features selected through fil-
ter methods. In wrapper algorithms, feature selection is performed
to maximise the accuracy of the learning algorithm. However, this
means that there is a significant risk of overfitting, since the fea-
ture selection is led by the learning algorithm, see Table 2. There-
fore, it is of great importance that model validation is performed
through double cross-validation (DCV). Wrapper methods require
more computation power, compared to filter methods. Therefore,
they are rarely applied as the only feature selection procedure in
processing of big data.

In embedded methods, the feature selection algorithm is built
into the multivariate algorithm. This means that during the learn-
ing process, weights are applied to features to achieve the optimal
predictions. They use statistical criteria for the feature selection, as
per filter methods, with the highest accuracy prediction accuracy,
as with wrapper methods [71]. This leads to very good underlying
learning algorithm performance, with good model interpretability
as it provides explanations for the predictions made. As in filter
methods, interactions among features are neglected. In the case of
PCA, loading weights can be used to measure the importance of
features. Also, in PLS and PLS-DA, variable importance in prediction
(VIP) is used to identify the features’ importance for the prediction
[72].

As with wrapper methods, embedded feature selection ap-
proaches can lead to model overfit. Wrapper and embedded algo-
rithms can also lead to an instability in the feature selection. This
means that different sample subsets, used for training the model,
apply different weights to a similar feature during the process of
model creation. In this case, it is hard to obtain reliable importance
for each of the variables. This can be overcome by using a more ro-
bust sample subset for the model training. Decision tree-based al-
gorithms such as Random Forests create models on numerous dif-
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ferent sample and feature subsets, decreasing the possibilities for
feature selection instability or model overfit.

To overcome various shortcomings of different individual fea-
ture selection methods, hybrid feature selection methods were in-
troduced. Hybrid selection methods aim to construct an aggregated
classification of feature importance. This can be done based on dif-
ferent feature selection algorithms or by creating models on differ-
ent sample and feature sub-datasets. In this way, the shortcom-
ings of the individual feature selection algorithms can be miti-
gated, enhancing the subsequent learning tasks. As already men-
tioned, application of the wrapper methods on GC-EI-MS data can
demand long feature selection processing. Therefore, to decrease
the computation time, filter methods are applied to remove unin-
formative features, followed by the wrapper methods for further
evaluation of the importance of the top-ranked features [69]. Even
applying the wrapper methods solely on the top-ranked variables
within GC-EI-MS analysis requires significant computation power
and time. Sinkov and Harynuk used the SR approach to obtain the
top 1000 variables from the aligned GC-EI-MS data unfolded along
the time axes. Then, BE was performed on these top 1000 vari-
ables, while the variables ranked from 1001 to 3000 in the SR anal-
ysis were introduced to a FS algorithm and considered for inclusion
[69]. The whole process lasted 36 h.

As already stated, decision tree-based algorithms create numer-
ous prediction models on the random subset of samples and vari-
ables. They are far less sensitive to irrelevant features, since fea-
ture selection is essential to the tree growing process [74]. Based
on this premise, several hybrid approaches have been developed
for the evaluation of features’ importance and interactions between
the variables, leading to a greater model accuracy and sensitivity
[75,76]. Abeel et al. applied a recursive feature elimination algo-
rithm on 500 sub-datasets, each containing 90% of data, to create
a support vector machine (SVM) model. Overall ranking of the fea-
tures was created based on aggregated rankings of all 500 selected
feature subsets and models’ accuracy [77]. In a similar approach,
based on the predictive capability of models created on many sam-
ple and feature sub-datasets, created using the Monte Carlo sam-
pling (MCS) method, features were identified as informative, un-
informative, or interfering. This approach was applied in a model
population analysis (MPA) [75,76] and within a sub-window per-
mutation analysis (SPA) [78]. In the variable complementary net-
work (VCN) procedure, the complementary nature among features
is assessed based on the model accuracy and visualized as a fea-
ture network [79]. The downside of such approaches is that im-
portance of variables and their interactions are assessed based on
the applied data analysis technique and consequently can be dif-
ferent when different data analysis algorithms are applied. Yun et
al. [73] used nine different algorithms to rank the variables and
create an aggregated rank list. The PLS-DA model created with the
top variables from the aggregated list showed a superior sensitiv-
ity and specificity compared to the model created on the whole set
of variables. Therefore, to obtain more comprehensive understand-
ing of variable importance, several algorithms should be applied.
More information about the feature selection and their statistical
implications can be found elsewhere [67,68,71,72,80,81].

3. Data analysis
3.1. Pattern recognition and classification statistical techniques

One of the major goals in the EO metabolomic studies is to
discover similarity/dissimilarity patterns among samples and the
most relevant features (metabolites) across the samples, to perform
classification and class comparison. This process can be performed
based on variance between the samples, making the process un-
supervised, or it can be used with a priori knowledge regarding
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the sample classes, making the pattern recognition and classifica-
tion supervised [82]. Unsupervised pattern recognition algorithms
are applied solely using variance among the samples, when the in-
formation regarding the relationship between the samples is not
known, or it is desirable to observe the sample clustering without
any class influences [82]. The most applied unsupervised pattern
recognition algorithms in EO metabolomic studies are PCA and hi-
erarchical cluster analysis (HCA), as can be seen in Table 3.

PCA is the most commonly used unsupervised pattern recog-
nition statistical technique for classification and class compari-
son, with data mining through data decomposition into scores and
loadings vectors. The detailed theory behind the PCA can be found
elsewhere [158,159]. Besides being applied as an exploratory pat-
tern recognition technique, PCA has also been applied as a feature
reduction tool in the pre-process step and for rank determination
[82]. PCA can be applied on the whole chemical profile, obtained
from TICC, as well as on the user defined sections of the chro-
matogram, using all m/z fragments or a portion thereof. It also can
be used on TCAMS and SAMS datasets [64]. Applying feature se-
lection algorithms it is possible to obtain a set of variables (m/z)
which will produce highest accuracy in the pattern recognition al-
gorithm. Sinkov et al. applied a wrapper feature selection approach
on top ranked variables, selected by the SR algorithm, to maximise
cluster separation within PCA [69].

In the EO metabolomic studies, PCA has been most commonly
applied on chemical composition datasets. In this way, the ana-
lytes that discriminate different classes of oils are easily identi-
fied from the loadings plots. PCA has been applied for discrimina-
tion of EO coming from different species, chemotype and cultivars,
different organs and geographical locations, altitudes of growth,
and influence of soil, and maturity of the trees (see Table 3). PCA
was performed on the chemical composition dataset to differenti-
ate between 7 different Ocimum species, using 3 PCs that captured
66% of variance. PC 1 was positively associated with 1,8-cineole
and negatively with neral, geranial and nerol, while caryophyl-
lene and B-elemene were highly correlated with the PC 2. The
PC 3 was positively correlated with camphor [113]. Elaissi et al.
[110] managed to differentiate Eucalyptus species into 9 chemo-
types according to their chemical profiles, while according to the
antimicrobial activity (against 4 different bacteria) they were clus-
tered into 4 groups. Tohidi et al. [95] classified 14 different Thymus
species based on their bioactive compounds using PCA. Application
of TCAMS and SAMS datasets, instead of chemical profile, led to
greater discrimination of different ylang-ylang distillation grades in
the PCA. Using the TCAMS, distillation grades were discriminated
using the PC 1 and 2, while in case of the SAMS distillation grades
were discriminated using solely the PC 1 [64].

HCA is another pattern recognition technique commonly used
in the EO metabolomic studies for exploring the similarities on
the big datasets, by visualising the variance between the sam-
ples across a 2D space. The main aim of HCA is to connect sam-
ples with similar features into clusters, forming branches or den-
drograms. Radulovic et al. applied HCA on the TCAMS datasets
generated from GC-EI-MS for differentiation amongst 13 Artemisia
species [61]. The TCAMS approach showed comparable or even bet-
ter results compared to HCA applied to the chemical composition
dataset.

3.2. Supervised pattern recognition and classification algorithms

Supervised pattern recognition techniques are applied when
the information about samples is known a priori. Supervised pat-
tern recognition approaches maximise the separation between the
classes and have been widely used in EO metabolomic analyses
(Table 3). The most applied supervised pattern recognition tech-
niques in the EO metabolomic studies are linear discriminant anal-
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Table 3
Application of analytical and pattern recognition techniques in the EO metabolomic studies.

Pattern recognition

Essential oil Metabolomic study to differentiate between technique Ref.
Artemisia spp Species HCA [61]
Artemisia saharae Pomel Altitude of growth LDA [83]
Citrus deliciosa Ten. x C. paradisi Macf. Species and hybrids LDA [84]
Eucalyptus crebra F.Muell,, Eucalyptus melanophloia F.Muell. Species and their hybrids PCA, LDA [85]
Thymus algeriensis Boiss. and Reut Geographical locations LDA [86]
Citrus sinensis L. Osbeck and Citrus limon L. Burm Somatic hybrids LDA [87]
Somatic hybrids from Citrus sinensis L. and Citrus limon L. Somatic hybrids LDA [88]
Burm

Lavandula angustifolia Mill, Lavandula x intermedia Lavender and lavandin HCA, LDA [89]
Rosmarinus officinalis L. Geographical origin, genetic analysis PCA [90]
Rosmarinus officinalis var. typicus L. and Rosmarinus officinalis Different varieties PCA [91]
var. troglodytorum L.

Houttuynia cordata Thunb. Geographical locations PCA [92]
Chamaemelum nobile L. and Matricaria recutita L. Roman and German chamomiles PCA, PLS-DA [93]
Ocimum spp Different species PCA [94]
Thymus spp Different species HCA, PCA [95]
Lippia origanoides Kunth Chemotypes PCA [96]
Hypericum spp Different species HCA, PCA [97]
Thymus serpylloides ssp. gadorensis (Pau) Jalas Chemotypes PCA [98]
Myrtus communis var. melanocarpa DC and var. leucocarpa DC Cultivated and wild species PCA [99]
Hypericum spp Different species PCA [100]
Litsea cubeba (Lour.) Pers., lemongrass Two species PCA [101]
Thymus capitatus (L.) Cav. Chemotypes PCA [102]
Laurus nobilis L. Plant organs PCA [103]
Mint oils Geographic origin HCA, PCA, LDA [104]
Cinnamomum cassia L., Cinnamomum verum, and cinnamomum  Species and habitats HCA, PCA [105]

loureirii Nees

Curcumae longa L. Geographical origin HCA, PCA, PLS-DA [106]
Lavandula luisieri (Rozeira) Riv.-Mart. Organs and origin PCA [107]
Aristolochia spp Species PCA [108]
Centaurea spp Species HCA, PCA [109]
Eucalyptus spp Species according to antibacterial activity HCA, PCA [110]
Eucalyptus spp Species PCA [111]
Cistus salvii folius L. Chemotypes PCA [112]
Ocimum spp Species according to antibacterial activity PCA [113]
Hyptis suaveolens (L.) Poit. Fruiting stages and geographical variation PCA [114]
Chrysanthemum indicum L. Geographical origin PCA [115]
Rosmarinus officinalis L. Ecological groups HCA, PCA [116]
Valeriana jatamansi Jones Chemotypes PCA [117]
Mentha suaveolens ssp. insularis (Req.) Greuter, Mentha Subspecies PCA [118]
suaveolens ssp. suaveolens (L.) Hudson.

Coriandrum sativum L. Fruit age and geographical origin PCA [119]
Matricaria recutita L. Chemotypes PCA [120]
Lavandula angustifolia and five Lavandula x hybrida Chemotypes PCA [121]
Smyrnium olusatrum L. Organs PCA [122]
Helichrysum italicum (Roth)G.Don ssp. italicum Geographical origin HCA, PCA [123]
Rosmarinus officinalis L. Geographical origin HCA, PCA [124]
Apioideae ssp Geographical origin PCA [125]
Salvia officinalis L. Geographical origin HCA, PCA [126]
Thymus algeriensis Boiss. & Reut. Chemotypes PCA [127]
Satureja montana L. and Satureja subspicata Bartl. ex Vis. Species PCA [128]
Humulus lupulus L. Cultivars PCA [129]
Lavandula multifida L. Arid areas HCA, PCA [130]
Juniperus oxycedrus ssp. oxycedrus L. Organs PCA [131]
Copaifera multijuga Hayne Influence of soil and dry land HCA, PCA [132]
Chrysopogon zizanioides (L.) Roberty Geographical location HCA, PCA [133]
Eucalyptus globulus Labill. ssp. globulus Different tree’s maturity HCA, PCA [134]
Perilla frutescens L. (Britton) Geographical origin HCA, PCA [135]
Humulus lupulus L. Cultivars HCA, PCA [136]
Cuminum cyminum L. Odour attributes identified by sensory profiling PCA [137]
Curcuma phaeocaulis Valeton, C. kwangsiensis S.G. Lee & C.L. Three Curcuma species PCA, PLS-DA [138]
Liang and C. wenyujin Y.H. Chen & C. Ling

Panax ginseng C. A. Mey. Aroma profile at different ages HCA, PCA [139]
Citrus nagato-yuzukichi, Citrus junos, Citrus sphaerocarpa, Japanese sour citrus fruits PCA [140]
Citrus sudachi

Ocimum vulgare L. subsp. hirtum ietswaart (syn.), O. Oregano subsp. hirtum lines PCA [141]
heracleoticum Sensu) lines

Coriandrum sativum L. Odours PCA [142]
Rosa x damascena Mill. Three quality groups PCA, LDA, SVM [143]
Artemisia spp Species PCA, HCA [144]
Juniperus rigida Sieb. et Zucc. Chemotype PCA, HCA [145]
Acorus calamus L Natural and cultivated conditions PCA [146]
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Table 3 (continued)
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Essential oil Metabolomic study to differentiate between Pattern recognition Ref.
technique

Borago officinalis L. Geographical origin PCA, HCA [147]
Celastraceae spp Species and plant organs PCA [148]
Vladimiriae Radix and Aucklandiae Radix Two species PCA, HCA, SIMCA, OPLS-DA  [149]
Achillea spp Species PCA [150]
Premna odorata Blanco Seasonal variations PCA [151]
Pinus sylverstris L. Geographical origin PLS-DA [152]
Amomum villosum Lour.,, Amomum villosum Lour. var. Two variants HCA, PCA, PLS-DA [153]
xanthioides

Xylopia aethiopica (Dunal) A. Rich Geographical origin HCA, PCA, PLS-DA [154]
Calamintha nepeta, Foeniculum vulgare and Ridolfia segetum Low and high-active antiviral EOs PLS-DA [155]
Lavandula angustifolia Mill., Lavandula x intermedia Lavender and lavandin PCA, PLS-DA [156]
Eucalyptus spp Different species PCA, HCA [157]

ysis (LDA), partial least squares discriminant analysis (PLS-DA), soft
independent modelling of class analogy (SIMCA), and the Random
Forests (RF) machine learning algorithm. In LDA and PLS-DA al-
gorithms the direction of pseudo-variables (latent variables, LVs)
is selected to maximise the separation among the classes, while
in SIMCA it is selected to maximise the variance among samples
[160]. Supervised pattern recognition techniques can be applied to
chemical composition datasets, as well as to TCAMS or SAMS based
datasets.

LDA is a linear parametric discriminant technique which places
emphasis on dissimilarities between the classes to find their opti-
mal boundaries. Like PCA, LDA is also a dimension reduction ap-
proach. Compared to PCA, which takes the first pseudo compo-
nent to retain maximum variance in the data, in LDA a direction
is selected to maximize the separation among the classes [160].
A problem associated with LDA is its requirement that the num-
ber of predictor variables is smaller than the number of samples.
This can be a challenge, especially in GC-EI-MS metabolomic stud-
ies which generate large data arrays. In this case, data reduction
and feature selection procedure must be applied prior to the ap-
plication of LDA.

PLS-DA is an extension of PLS used for the classification pur-
poses [161]. As with PLS, in PLS-DA a response matrix must be de-
fined. In the case of a two-class classification, the dummy variable
for one class is 1, while for the other is 0 or -1. If the classification
requires separating more than two classes, dummy variables are
defined and the PLS2 algorithm is used [160,162,163]. Sabatino et
al. applied PLS-DA for the discrimination of EOs from three species
based on their activity against Herpes simplex virus (HSV-1), as
well as their cytotoxicity [155]. Adulteration is a common issue in
EO market. For instance, lavender oil (due to its high price) is often
adulterated with lavandin oil, with much lower price and inferior
fragrant character. Beale et al. developed a PLS-DA approach, based
on a chemical profile obtained from the TICC from GC-MS analy-
sis, for the discrimination of high- and low-quality lavender EOs
[156]. Similarly, Lebanov et al. applied a PLS-DA strategy to TCAMS
and SAMS datasets for discrimination of different ylang-ylang from
various geographical origins [64].

RF is a regression and classification statistical approach for pre-
diction or classification [164], which generates many decision trees,
each of them constructed by using different sets of randomly se-
lected input variables. The RF model uses a bootstrapping strategy
by random sampling of the original dataset. Gromski et al. com-
pared RF with some other discrimination statistical tools, includ-
ing LDA, PLS-DA, and SVM, and demonstrated the advantages of
RF for the classification of different Bacillus species based on GC-
MS data [165]. Lebanov et al. applied a RF algorithm, based on
TCAMS and SAMS datasets, for the classification of different EO
classes [63]. Calculating the proximity between the samples it was
possible to determine EOs with lower qualities. The RF model cre-

1

ated on SAMS dataset showed superior performance by identifying
more EOs with lower quality, compared to RF model created on
TCAMS dataset.

3.3. Predictive modelling

The main objective of predictive modelling is to determine the
relationship between variables obtained from instrumental anal-
ysis with one or more response variables [9,82]. Response vari-
ables that are used for modelling can be abundance of main
metabolites, antioxidants, antimicrobial potency, or other charac-
teristics of EOs. Commonly used predictive techniques are prin-
cipal component regression (PCR) and partial least squares re-
gression (PLS). Both approaches have the ability to deal with nu-
merous variables which contain highly collinear features [166]. In
the case of PCR, the direction of pseudo variables (PCs) is set to
maximise variance among samples. A shortcoming of PCR is the
fact that the maximum variance in the dataset has little or no
relevance to the response [9]. In comparison with PCR, PLS re-
duces data dimensionality by calculating LVs, which are created as
the covariance between the response and the matrix of the pre-
dictor variables [9]. Cross-validation is an acceptable way to de-
termine the predictive power of created PLS regression models,
which will be described in the following sections (Section 4. Model
validation).

Prediction models has been rarely used in EO metabolomic
studies based on GC-EI-MS analysis. However, by applying PLS on
TCAMS and SAMS data, it was possible to determine distillation
grade of ylang-ylang EOs and relative abundances of the main
compounds. Relative abundances, obtained through PLS model,
were used for the quality assessment of ylang-ylang EO based on
the ISO standards [64]. In this way, the quantification of main an-
alytes using either internal standards or GC-FID, was not neces-
sary. Also, ylang-ylang grade PLS prediction models created using
TCAMS and SAMS data were able to predict grades of EOs from
geographical origins not represented in the calibration and valida-
tion sample sets, in contrast to models created on chemical pro-
file which were unsuccessful in this task. Maietti et al. extracted
and identified the EOs of six lavender cultivars via headspace GC-
EI-MS analysis [121]. By correlating the list of metabolites with
biological activities of the EOs (cytotoxicity, antifungal, and an-
tioxidant activities) it was possible to predict biological activ-
ity based upon the chemical profile. Park et al. developed a PLS
model for prediction of free radical scavenging activity (RSA) and
reducing power of nine Mentha subspecies [167]. By evaluating
VIP, shikimic acid, rutin, and succinic acid were identified as the
greatest contributors to the RSA, while shikimic acid and succinic
acid were the major contributors to the reducing power of these
extracts.
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Fig. 6. TICC of ylang-ylang essential oil showing many co-eluting regions. Repro-
duced with permission and adapted from [179].

3.4. Multiway resolution techniques

The previously described statistical approaches cannot handle
the full dimensionality of GC-EI-MS data and therefore require
data reduction steps prior to the data analysis. Multiway resolu-
tion techniques are able to use the full dimensionality of GC-EI-MS
data. One of the most beneficial features of MCR and PARAFAC-
like methods is the second order advantage, in which the calibra-
tion can be built upon relatively few standards, instead of a large
calibration set, with the additional potential to quantify the com-
pounds of interest even in the presence of interferences, not orig-
inally present in the calibration standard set. This is performed
through decomposition of experimental data array (D) to matri-
ces related to mass spectra of pure compounds (ST), concentration
profiles (C) and residual matrix (E) [18]. This process reveals the
MS spectra of the pure analytes which co-elute in GC-EI-MS. Due
to the complexity of EOs, with the potential presence of several-
hundred compounds [5,168,169], there may be many co-eluting
metabolites in the GC-MS separation, as shown in Fig. 6.

Therefore, the application of multiway resolution techniques
like MCR, PARAFAC, and TUCKER deliver more accurate chemical
profiles, through a deconvolution process, without using additional
separations [170]. As the first step in the deconvolution process, it
is critical to determine the rank of the examined convoluted sys-
tem.

3.4.1. Methods for chemical rank determination

The rank of the data matrix is the minimum number of lin-
ear independent variables. For an EO sample, from the analytical
point of view, it can be defined as the number of pure metabo-
lites in the convoluted chromatogram. For the EO mixtures, such
as case in EO blends and perfume mixtures, rank is the number
of independent EOs used in the blending procedure. Chemical rank
can be determined in different ways such as PCA, eigenvalues, or-
thogonal projection approach (OPA), morphological score, evolving
factor analysis (EFA), singular value decomposition (SVD), etc. EFA
has been applied for the determination of local rank in deconvo-
lution of co-eluting analytes in the analysis of lavender [171] and
spearmint EOs [172]. EFA and evolving latent projection graphs
(ELPGs) were also applied for the rank determination of damask
rose EO [173]. Morphological score has been applied to differenti-
ate between noise-containing m/z channels from ones containing
information relevant to chemistry of the samples [172]. Lebanov et
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al. showed that application of SVD can determine rank in analysis
of complex EO blends and perfume mixtures based on TCAMS data
[179]. More information regarding the determination of chemical
and local rank can be found in the work of Jalali-Heravi and Paras-
tar [24].

3.4.2. Multiway resolution methods

MCR methods were initially developed for dealing with the UV-
Vis spectrophotometric data [170]. The basic premise behind MCR
algorithms is the application of Beer’s law on the multicomponent
analysis system, in which the description of variations in the mea-
surement is a linear model of the contributions of their pure com-
ponents [174]. In order to extract the concentration and spectral
profiles from the data matrix using MCR models, it is necessary
to use three-way data arrays which contain the whole informa-
tion regarding the profile and spectra [24]. MCR algorithms extract
information of the pure components in a mixture using a bilin-
ear model decomposition. The bilinear MCR model decomposes the
experimental data matrix into the product of matrices containing
concentrations and pure spectra of individual compounds. Accord-
ing to the Beer’s law, MCR assumes that the individual responses
(absorbances) of all components are additive. Most of the noise
and background effects are retained in the residual E matrix. This
leads to higher S/N in the recovered pure spectra and allow more
accurate identification of co-eluting analytes [170]. The challenges
associated with MCR applications are summarised by Ruckebusch
and Blanchet [174].

Numerous compounds present in EOs lead to very complex
TICCs. Therefore, in EO analysis using MCR algorithms the data
matrix is divided into series of subwindows, dependent upon the
complexity of the TICC. Each of these parts are analysed separately
by determining their local rank and performing the MCR deconvo-
lution, as shown in Fig. 7 [24]. MCR-ALS was applied for deconvo-
lution of co-eluting peaks in the analysis of geranium EO and deliv-
ered an increase in the number of determined analytes from 61 to
85 [175]. In the case of damask rose EO, an increase from 70 to 95
was observed [173]. The application of MCR-ALS in EO analysis has
also been applied to saffron [176], cumin and caraway EO [177], as
well as for Dracocephalum moldavica L. EO [178]. In case of lavender
EO analysis, the determined relative abundance of the main ana-
lyte (a-pinene) was 21.01%, while after application of MCR-ALS it
was revealed as 16.51% [171]. MCR-ALS was applied to resolve pure
spectra of EOs used in creating complex EO blends and perfume
mixtures, based on TCAMS dataset. Resolved pure TCAMS spectra
were further successfully applied for EO identification and quality
assessment of ylang-ylang EOs used in creating perfume [179].

PARAFAC-based algorithms can be considered as a multiway ex-
tension of PCA, within which sets of loading and score tensors
(multiway generalisation of pseudo variables) are produced., in
place of scores and loadings vectors, produced in PCA. Scores and
loadings vectors in PCA are orthogonal to each other, but tensors
in PARAFAC are not [18]. In this way, PARAFAC-based approaches
can be used as a pattern recognition technique, in a similar way
to PCA. Examples include the use of PARAFAC-based algorithms for
discrimination between the phytoplankton classes [180], as well as
for distinguishing five different species of penicillium [181].

Like MCR algorithms, PARAFAC decomposes trilinear data us-
ing constraints to the concentration and spectral matrices [182].
PARAFAC enables resolving overlapped peaks in the datasets by
maintaining second order advantage [183,184]. At the same time,
it utilises the constraints which ensure data decomposition accord-
ing to chemical and physical principles [18]. For example, Nikpour
et al. used PARAFAC on a three-way GC-MS data array for the quan-
tification of 6 compounds with known positive biological activities
in Teucrium polium L. EO [183].
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Fig. 7. Pure chromatographic profiles for two peak clusters (a and b) and the resolved peak clusters for three analytes (c and d), resulting from the GC-MS analysis of Iranian

damask rose oil. Reproduced with permission from [173].

Application of the multiway approaches result in more accurate
chemical profiles, with resolution of all co-eluting peaks. PARAFAC
and TUCKER3 require trilinearity, three-way arrays to be aligned
in both dimensions (retention time and m/z). In contrast, MCR and
PARAFAC2 are able to handle small peak shifts between consecu-
tive runs [43,44,184]. Due to the higher similarity of the MCR-ALS
underlying model, to the real variations in the chromatographic
data, resolved spectra of the co-eluting analytes have higher agree-
ment with the true spectra, compared to the ones resolved with
PARAFAC2 [185,186]. More information regarding the comparison
of MCR-ALS, TUCKER3, PARAFAC, and PARAFAC2 for deconvolution
of concentration and spectral profiles from chromatographic data
can be found elsewhere [185]. PARADISe is a software for peak de-
convolution based on the PARAFAC2 algorithm which allows the
identification of resolved pure MS spectra for each of the peaks in
a single run [44].

MARS is a fully automated peak deconvolution algorithm which
extracts the chemical composition of the sample set through estab-
lished mass spectrum and retention time pair, chosen from a refer-
ence chromatogram [45]. The eRah algorithm can also perform de-
convolution of co-eluting compounds based on a covariance match
filter, calculating the local covariance matrix. This allows the spec-
tra of pure compounds to be resolved through an orthogonal signal
deconvolution (OSD) procedure and quantification performed via
a least absolute deviation (LAD) regression approach [40]. In this
way, eRah resolves co-eluting compounds without the estimation
of the number of pure compounds, which is a key step in MCR
and PARAFAC-based techniques.

4. Model validation

Tuning of parameters, determining the optimal number of
pseudo variables in PCA, LDA, PLS, is a crucial step in model build-
ing. In the case of PCA, a scree plot is used for the determination
of the optimal number of PCs. A scree plot displays the eigenval-
ues (explained variance) for each PC in descending order versus
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the number of components. The optimal number of PCs can be ob-
tained (estimated) by taking the last PC at which point little ad-
ditional variance is captured by the PCs, which is often indicated
by a so-called ‘knee’ in the plot. In this way, the model discrim-
inates between the variance coming from the differences among
the samples and the variance coming from the experimental and
instrumental conditions (noise).

In case of PLS, PCR, SIMCA, LDA, etc., cross-validation (CV) is the
most applied strategy in model tuning, due to its ability to select
the model based on prediction capability on the validation dataset.
In the CV procedure, the sample set is divided into the training and
validation sub-datasets. The model is created on the training sub-
dataset, while optimal number or pseudo variables are determined
on the validation set, to obtain the highest accuracy. In the CV pro-
cedure, model tuning and model validation are performed in one
step, on the validation sub-dataset. One of the simplest ways of CV
is to divide sample set into two subsets (2/1: training/validation
sets). The validation set is used to assess the goodness of the pre-
diction (Q?) of the model created on the training dataset, which
performance is assessed through R2. R? and Q? follow the same
trend from O to 1, by adding each new pseudo variable. When the
model starts to overfit, with addition of every next pseudo vari-
able, R? keeps increasing towards 1, while Q? starts to decrease. At
the point of divergence, the model reaches its optimal performance
(accuracy). CV can also be performed in an n-fold model, where
the dataset is randomly split into “n” mutually exclusive subsets
(the folds) of the same size. A special case in CV is leave-one-out
CV (LOO-CV), where one sample is held as the validation set and
the model is created on the rest of the samples. This whole process
is repeated until all samples are used in the validation set. The Q2
values are averaged for all prediction models to calculate overall
Q2. This method has been used by different researchers, especially
in the case of datasets with small sample size, since all samples
are used in training and validation sets. Although, this approach
often provides accurate model evaluation, there is a risk of model
overfitting when the number of variables/features significantly ex-
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ceeds the number of samples, which is very common in GC-EI-MS
EO metabolomic studies [187].

In the DCV model, tuning and model validation are performed
in two different steps. Firstly, model tuning is carried out using
the validation sub-dataset, while the test set is used for model
validation. The test set is an independent dataset neither used in
training nor in tuning of the model. This means that the valida-
tion set is used only to optimize/tune the model and cannot be
used for the assessment of the model accuracy [188]. By perform-
ing the DCV numerous times, every time resampling the training,
validation and test sub-datasets, the calculated overall accuracy is
adjusted for any potential bias occurred during the sampling pro-
cess [63]. Sampling to validation and test sub-datasets can be per-
formed either randomly, such as repeated random Monte Carlo
sampling [189] or using the developed algorithms for stratified
sampling like Duplex [190], Kennard-and-Stone [191], and SPXY
algorithms [192].

In case of supervised classification models, such as PLS-DA,
SIMCA, and Random Forests, several parameters have been devel-
oped for the determination of model performance. In a permuta-
tion test, class labels for each sample are randomly permuted, fol-
lowed by calculating the statistics of such models. After numerous
repetitions, differences between starting “right” classification and
all other “wrong” models should be statistically different [162,193].
For the classification models, “sensitivity” and “specificity” should
also be calculated, as the two parameters reflect the accuracy of
the classification [162,193]. Sensitivity is the ratio of predicted true
positives to total positives for modelled class, while specificity re-
flects the ratio of predicted true negatives to total negatives, as
non-members of the modelled class. For the multiple class models,
a confusion matrix can be created to visualize the performance of
a prediction model. Each row in the confusion matrix presents the
predicted class, while each column represents the actual class. Ad-
ditional information regarding the method validation can be found
elsewhere [162,188,193,194].

5. Workflow software

Over the years, several software packages have been devel-
oped, which cover all stages of statistical analysis including pre-
processing, pre-treatment, and data analysis. The developed soft-
ware are designed so that whole data processing is carried out us-
ing a single tool, leading to greater reproducibility and the possi-
bility of comparison of different works. Although, most of the de-
veloped softwares are primarily developed for LC-MS, several of
them have been successfully applied as workflow tools for GC-
MS data handling. Workflow4metabolomics is a tool for processing
LC-MS and GC-MS data. It comprises XCMS (data pre-processing),
CAMERA (metabolite annotation), and ropls package (data analysis)
tools. XCMS Online is an online implementation of XCMS [32,46],
which provides predefined parameters sets for different instrumen-
tal setups, as well as limited number of data analysis techniques.
It is linked to the METLIN database [195] and allows metabolite
annotation. MetaboAnalyst 4.0 is another online software that im-
plements the XCMS algorithms for raw data pre-processing, sup-
porting only the most commonly used parameters [196]. Metabo-
Analyst 4.0 is more focused on statistical, enrichment, and pathway
analysis. It consists of eight data analysis modules set into three in-
dependent units (exploratory statistical analysis, functional analy-
sis, and advanced methods for translational studies). In all of these
software programs data reduction is based on creating the chemi-
cal profiles from the TICC. In MetaboAnalyst 4.0 the feature selec-
tion is based on the embedded algorithms, as well as on several
filter statistical techniques.
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6. Looking into the future

As it can be concluded from this review, there is no single plat-
form which has included all elements of data handling and data
analysis for GC-EI-MS metabolomic studies into a single system.
Therefore, a challenging goal for researchers would be developing
a single robust and reliable data handling and data analysis soft-
ware for the processing of GC-EI-MS data. This would provide eas-
ier data handling, greater transparency, and better comparability
among different metabolomic studies.

Application of multiple analytical platforms for the complemen-
tary analysis of EO metabolomic data has rarely been reported.
Since 2005 there has been an increase in attention applied to the
problems of data fusion and data analysis on multiblock systems
[197-199]. Therefore, one of the greatest challenges in the future
will be merging such big amounts of information, applying the
most efficient data reduction and feature selection algorithms, as
well as proper data mining and interpretations strategies.

Another challenging issue for the future will be dealing with
applicability of prediction models. EOs are complex samples and
their chemical composition depends on abiotic (environmental)
variations. A great number of prediction and classification models
have been created, and applied, on a limited number of EO sam-
ples, which incorporated limited variability. Therefore, the perfor-
mance of such models for the evaluation of EOs on different as-
pects, such are different seasons and geographical origins, has only
been tested in a few cases.

More effective applications of artificial intelligence, with ma-
chine learning algorithms as the automated systems, in the EO
quality control is also expected. This will allow greater sample
throughput, as well as greater accuracy in detecting fraudulent
samples. With regard to the current extensive/progressive develop-
ments in metabolomic research, it is expected that the future will
bring innovative solutions to these issues.

7. Conclusion

Metabolomic studies have demonstrated their crucial role in
discovering the effects of different genetic predisposition and abi-
otic factors on the profiles of different EOs, where GC-EI-MS anal-
ysis combined with multivariate statistical techniques has found
a primary role. This review has aimed to provide an overview of
the complexity and the potential pitfalls in data handling processes
of GC-EI-MS analysis to obtain unbiased datasets for data analysis
and data mining steps. The emphasize was put on recently devel-
oped feature alignment algorithms, specifically those approaches
designed for the GC-EI-MS data reduction and feature selection, as
well as on the evaluation of their advantages and downsides when
applied in EO metabolomic studies. In closing this review, a few
concluding remarks can be stated as follows:

o Appropriate data pre-processing strategies can compensate the

effects of instrumental artefacts in data analysis and data min-

ing steps.

Alignment of GC-MS data corresponding complex samples, like

EOs and their mixture, is still very challenging.

o Application of inappropriate data pre-treatment can impair data

analysis and data mining steps.

Practitioners should be mindful regarding the advantages and

drawbacks of each data reduction procedure.

o Application of multiple feature selection procedures allows for
creating models with greater accuracy and robustness.

o Application of multivariate statistical techniques and artificial
intelligence can simplify and increase robustness of essential oil
characterisation.
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» Application of double cross-validation can provide the most ac-
curate prediction capacity of created models.

» Development of a single/comprehensive software for data han-
dling and data analysis of GC-EI-MS data is greatly needed.
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