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a  b  s  t  r  a  c  t

Comprehensive gas chromatography–mass spectrometry (GC×GC–MS) provides a different

perspective in metabolomics profiling of samples. However, algorithms for GC×GC–MS data

processing are needed in order to automatically process the data and extract the purest

information about the compounds appearing in complex biological samples. This study

shows the capability of independent component analysis–orthogonal signal deconvolution

(ICA–OSD), an algorithm based on blind source separation and distributed in an R package

called osd,  to extract the spectra of the compounds appearing in GC×GC–MS chromatograms

in  an automated manner. We  studied the performance of ICA–OSD by the quantification of

38  metabolites through a set of 20 Jurkat cell samples analyzed by GC×GC–MS. The quan-

tification by ICA–OSD was compared with a supervised quantification by selective ions, and

most  of the R2 coefficients of determination were in good agreement (R2>0.90) while up to

24  cases exhibited an excellent linear relation (R2>0.95). We  concluded that ICA–OSD can be

used  to resolve co-eluted compounds in GC×GC–MS.
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1.  Introduction

Metabolomics is the study of low molecular weight com-
pounds in biological systems [1]. Particularly, metabolomics
focuses on comparing healthy versus metabolomic disease
organisms and, therefore, it attempts to discover predictive
biomarkers by detecting early biochemical changes before the
appearance of the disease [2]. For that purpose, metabolomics
experimental designs include non-targeted analysis of the
samples as there is no prior knowledge of the metabolites
that may be involved not only in fully developed metabolomic
diseases, but also in pre-symptomatic stages.

Analytical techniques to identify and quantify metabolites
include gas chromatography–mass spectrometry (GC–MS). Gas
chromatography separates the compounds contained in a
sample while passing through a chromatographic column.
However, when two or more  compounds do not com-
pletely separate chromatographically, those compounds are
known to be co-eluted, and this clearly affects the correct
quantification and identification of the metabolites. In that
sense, comprehensive gas chromatography–mass spectrome-
try (GC×GC–MS) [3,4] was devised to minimize co-elution. In
GC×GC–MS, the sample passes through two chromatographic
columns with orthogonal polarity properties, which improves
the compound separation and it leads to an increased com-
pound detection capacity as co-elution is diminished.

However, compounds in the samples usually appear at
trace levels and different sources of noise derived from the
instrument and the sample biological matrix may interfere
with the correct identification of the compounds. In the same
way, GC×GC–MS generates large quantity of data and its
interpretation cannot be conducted manually. In that sense,
GC×GC–MS data processing algorithms are needed to turn the
chromatographic signals into interpretable biological infor-
mation. Besides, GC×GC–MS samples are composed by a large
amount of data in comparison with GC–MS samples, and algo-
rithms for GC×GC–MS data processing should be optimized for
a fast data processing.

As reviewed in [5], some of the existing data processing
algorithms that can be applied to resolve mixtures in com-
prehensive gas chromatography include PARAFAC [6] and
multivariate curve resolution – alternating least squares (MCR-
ALS) [7]. Contrarily to MCR, PARAFAC can only be applied to
a three-way data set, i.e., PARAFAC cannot resolve a single
GC×GC–MS chromatogram.

In recent years, independent component analysis (ICA) [8]
has been introduced as an alternative to the traditional MCR
for GC–MS data analysis [9–11]. ICA is a blind source separation
(BSS) technique used to separate linearly mixed sources, i.e.,
it is capable of separating and retrieve the original compound
sources – elution profile or spectra – from a mass spectra chro-
matogram. Whereas MCR–ALS resolves a chromatographic
mixture by minimizing the residual error between the data
and the predicted model, ICA uses another type of measure
which is the statistical independence, and it estimates the
original compound sources by maximizing the independence
between components. ICA is widely applied in biomedical sci-
ences, including data processing in electroencephalography
recordings [12–14], and it is also one of the most reported

algorithms for resolution of spectroscopy mixtures. More
recently, we  have developed a new method known as indepen-
dent component analysis–orthogonal signal deconvolution
(ICA–OSD) [15], embedded in an R package, that uses a com-
bination of ICA and principal component analysis (PCA) to
identify co-eluted compounds in GC–MS. In ICA–OSD, PCA is
proposed as an alternative to the typical use of least squares
(LS) in MCR-ALS. The application of LS for spectra extrac-
tion has different drawbacks, detailed in [15], which can be
summarized in the fact that no correlation or covariance infor-
mation is taken into account when applying LS, and therefore
LS may find difficulties in distinguishing noise and the differ-
ent compound fragments. This may lead to introducing a bias
into the LS regressors especially in situations of co-elution or
under undue biological matrix interference. Besides, whereas
the current ICA-based methods consider the spectra as the
independent source in the chromatograms, in ICA–OSD we
implemented a different approach where we  assumed that the
elution profile was the independent source, as opposite to the
spectra. In that sense, we  used ICA to extract the elution pro-
files and then determine the spectra by means of OSD. Finally,
ICA–OSD shown itself as a computationally faster alternative
to MCR-ALS. As far as we know, the capability of indepen-
dent component analysis–orthogonal signal deconvolution for
compound quantification in chromatographic signals has not
been studied.

In this paper we  propose an automated method to decon-
volve compounds appearing in GC×GC–MS chromatograms by
independent component analysis–orthogonal signal deconvo-
lution.

2.  Materials  and  methods

2.1.  Materials

The performance of ICA–OSD was evaluated through a set of 38
metabolites appearing in 20 Jurkat cell samples extracted from
human acute T cell lymphoblastic leukemia cell line Jurkat.
The samples of this experiment were previously used to report
the intersection of phosphoethanolamine with menaquinone-
triggered apoptosis by Dhakshinamoorthy et al. [16]. More
details on the dataset, sample preparation and methods can
be found in the original study.

2.2.  Data  analysis  and  pre-processing

ICA–OSD was used to automatically extract and decon-
volve the compounds concentration profiles and spectra. The
GC×GC–MS chromatograms were processed by analyzing each
modulation cycle separately. Each modulation cycle was first
divided in chromatographic peak features (CPFs) using the
same criteria as in [17]. The different CPFs contained sev-
eral compounds, so the algorithm had to deconvolve them in
case of co-elution. The number of factors or components for
ICA was determined by evaluation of residual sum of squares
(described in Section 3.2).

The chromatograms were automatically processed by
ICA–OSD. From the ICA–OSD output we only took into account
those metabolites appearing in at least 15 of the 20 samples,
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