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Abstract The technical advances in mass spectrometry,
particularly the development of (ultra)-high-resolution/
mass accuracy measurement capabilities in combination
with refinement of soft ionization techniques, have in-
creased the application and success of lipidomics to
answer biological questions in relation to lipid metabo-
lism. Together with other omics technologies, lipidomics
has become an important tool to practice systems biol-
ogy as lipids comprise a very significant part of the
metabolome and play pleiotropic roles in cellular func-
tions. As an increasing number of disorders are linked
to lipid metabolism, lipidomics is used to search for
biomarkers, understand disease mechanism and follow
the efficacy of therapeutic options. This review provides
a first introduction to the major methodological strate-
gies currently used for mass spectrometry-based
lipidomics and associated data pre-processing and
analysis.

Abbreviations
ANOVA Analysis of variance
APCI Atmospheric pressure chemical

ionization
(D)FBA (Dynamic) flux-balance analysis
ESI Electrospray ionization
FDR False discovery rate
FWHM Full width at half maximum
GSEA Gene set enrichment analysis
LC Liquid chromatography
MALDI Matrix-assisted laser desorption/

ionization
MDMS Multi-dimensional MS
MSEA Metabolite set enrichment analysis
MRM Multiple reaction monitoring
PCA Principal component analysis
PLS-DA Partial-least-squares discriminant

analysis
(U)HPLC (Ultra)-high performance

chromatography
Q Quadrupole
QC Quality control
QqQ Triple quadrupole instrument
TOF Time-of-flight

Introduction

Lipids are highly diverse molecules which are traditionally
best known for their role in the formation of biological mem-
branes in cellular systems and as a way to store energy. In the
last decade, lipids have outgrown this rather dull image and
have taken center stage in apoptosis, cell signaling, inflam-
mation, immunity and, last but not least, inborn errors of
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metabolism. Lipids are sometimes simply defined as mole-
cules that are insoluble in water and soluble in organic sol-
vents. As this is not true for all lipids, a more generally
accepted definition has been described by the Internation-
al Lipid Classification and Nomenclature Committee of
lipids: “hydrophobic or amphipathic small molecules that
may originate entirely or in part by carbanion-based con-
densation of thioester (fatty acyls, glycerolipids,
glycerophospholipids, sphingolipids, saccharolipids, and
polyketides) and/or by carbocation-based condensations
of isoprene units (prenol lipids and sterol lipids)”. This
designation describes eight main categories that are
subdivided based on their chemical properties. This clas-
sification also has been used by the LIPID Metabolites
And Pathways Strategy (LIPID MAPS) consortium, a
multi-institutional effort to identify and quantitate lipid
species in mammalian cells (Fahy et al 2009). This clas-
sification system has been widely accepted and the LIPID
MAPS database contains more than 37,500 unique struc-
tures for biologically relevant lipids from mammals,
plants, bacteria, fungi, algae, and marine organisms
((Fahy et al 2009), Table 1).

Lipids were traditionally analyzed by thin-layer chroma-
tography, gas chromatography, and mass spectrometry. Tech-
nical advances in mass spectrometry have paved the way for
the realization of a new type of metabolomics: lipidomics.
Lipidomics aims to study the pathways and networks of
cellular lipids by characterization and quantitation of all lipids
present in a biological system. Especially the development of
“soft” ionization techniques as electrospray ionization (ESI)
and exact mass resolution, high resolution mass spectrometers
have greatly propelled the field of lipidomics. In addition, new
bioinformatics tools have been developed to cope with the
increasing amounts of raw data and extract relevant informa-
tion to yield biological insight. The parallel rise of next-
generation sequencing and concomitant identification of new
inborn errors of metabolism in genes encoding lipid modify-
ing enzymes has brought about the desire to fully characterize
the lipidome, further boosting the development and refine-
ment of lipidomic techniques. Lipidomics is being applied to
find biomarkers suitable for diagnosis, follow-up and ideally
prognosis in order to characterize the course of the patient’s
disorder. In addition to linking newmonogenetic inborn errors
of lipid metabolism there is a growing number of links being
uncovered between lipid metabolism and complex genetic
traits as obesity, diabetes, atherosclerosis,and cancer
(Hyotylainen and Oresic 2014). The corresponding research
communities increasingly use lipidomics underscoring the
broad application of this technique for research in general.

This paper provides a first introduction to the major meth-
odological strategies currently used for lipidomics, and by no
means attempts to provide a complete and in-depth overview.
Instead, we frequently refer the reader to excellent reviews for

further reading.We focus on lipidomic techniques that employ
mass spectrometry and the pre-analytical/analytical phase but
will also discuss the data (pre)-processing and analysis, which
has become an important part of lipidomics workflow. The
latter emphasizes that metabolomics in general is becoming a
multidisciplinary field that requires input and knowledge from
many specialists to succeed, including physicians, techni-
cians, analytical chemists, bioinformaticians, and clinical
biochemists.

Experimental design

The lipidomics experiment comprises of several steps which
are depicted in Fig. 1. After defining the biological question,
the experiment is carefully formulated into a protocol which 1.
takes into account the statistical considerations, 2. describes
the collection of samples and 3. describes sample preparation
and data acquisition (the actual measurement). In the post-
analytical phase, bioinformatics approaches are used for data
visualization, data pre-processing to translate the raw data into
a list of detected and quantified peaks, (multivariate) statistical
analysis for the comparison of samples, and various types of
downstream analysis depending on the specific biological
question.

Like any metabolomics experiment, a lipidomics experi-
ment must be meticulously designed from beginning to end in
order to avoid pitfalls and to ensure that the required informa-
tion can be obtained from the data. Many factors before,
during, and after the actual analysis can greatly (and negative-
ly!) influence the outcome of the experiment. Typically, ex-
perimental design involves decisions about the number of
samples, group size (i.e., technical and biological replicates),
and quality control samples (Box et al 2005). A main require-
ment for experimental design is its ability to account for
unwanted effects (experimental bias) such as contamination
of the chromatographic column during a study. Randomiza-
tion and blocking of samples are two vehicles toward this
requirement. In addition, choices concerning sample collec-
tion (timing, procedure, processing, storage), sample prepara-
tion (extraction, derivatization), and analytical method (meth-
od/reagents, internal standards, type of instrument) greatly
influence the end result and require careful consideration. In
the post-analytical bioinformatics phase data pre-processing
(peak detection and integration, isotope correction, normali-
zation, compound identification) and (statistical) data analysis
are key steps that need to be meticulously prepared and
controlled.

Conducting a power analysis on metabolomics data is
difficult, since in general, the effect size and variance of
metabolites across samples are unknown a priori and depend
on differences in metabolite concentrations between experi-
mental groups (e.g., control versus diseased) as well as bio-
logical and technical variation of the samples within a group.
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Table 1 Lipid categories according to LIPID MAPS*

*As published by (Fahy et al 2009) with examples of main classes and examples members of the subclasses in parentheses (adapted from (Brugger 2014;
Li et al 2014))

**This column, IEM examples, lists one or more examples of known inborn errors of metabolism (IEM) in the particular main class. The word
“deficiency” has been omitted for clarity/space. The gene involved is shown in between parentheses
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Sometimes this information can be obtained from previous
similar studies or from conducting a small pilot study before
investing time and effort into a large scale study. For longitu-
dinal studies or studies with a large number of samples, it is
prudent to include a number of Quality Control (QC) samples
in the study design, i.e., samples of a consistent composition
which are included in the measurements repeatedly and which
allow for the correction of run to run effects (Hendriks et al
2011). Depending on the study objective, other experimental
design issues may need consideration. For example, to deter-
mine fluxes in metabolic pathways (e.g., flux balance analysis
(FBA)) one should ensure that the measured metabolites
sufficiently constrain the putative fluxes (Orth et al 2010).

Sample preparation/workup

Extraction of lipids from the sample is the first step toward
their isolation, enrichment, and concentration but also serves
to remove salts and proteins, which interfere with separation
techniques such as liquid chromatography and subsequent
mass spectrometric analysis. Liquid-liquid extraction is most-
ly used but solid phase extraction is also employed. Lipid
liquid-liquid extraction usually makes use of a two-phase
system (organic/aqueous) where lipids partition into the or-
ganic phase whereas water soluble molecules remain in the
aqueous phase, and proteins are precipitated. Two established
methods have been described long ago by Folch et al (Folch
et al 1957) and Bligh and Dyer (Bligh and Dyer 1959) and
these procedures are still widely used, but alternatives have
been developed and compared to these established standards
(Reis et al 2013). For example, the use of methyl-tert-butyl
ether is gaining in popularity (Matyash et al 2008; Abbott et al
2013) as it has a lower density than water (making it the upper
layer in contrast to chloroform-based procedures) which
makes it more suitable for high-throughput applications and
automation. Given the high level of complexity and physico-
chemical diversity of lipid molecules it is as yet impossible to
extract all lipid species using a single extraction procedure.
This makes the measurement of the complete lipidome in a

single analysis, which of course is the Holy Grail of lipidomics
and metabolomics in general, impossible at this time. The
choice for an extraction method therefore depends on the
aim of the experiment; either target/optimize for a specific
lipid category or try a general method that extracts as many
lipids as possible. Yet, researchers have experimented with
serial extractions to create fractions that partition the different
lipid categories as efficiently as possible (Han et al 2012).

Another important aspect of the sample preparation and for
the lipidomics experiment itself is the addition of stable iso-
tope labeled compounds that serve as internal standards. One
or more of these internal standards can be added for each class
of lipids and be used to perform ratiometric comparisons with
the molecular species of that lipid class to allow
(semi)quantitative analysis of these analytes. In addition these
stable isotope labeled molecules can be used for pulse/chase
experiments to perform fluxomics studies (Mueller and
Heinzle 2013).

Lastly, care should be taken during sample preparation and
storage to protect lipids from being chemically or enzymati-
cally modified as this obviously negatively influences the
outcome of the lipidomics experiment. Prior to extraction
samples should preferably be stored at −80 °C. Lipids in
tissues and cells are relatively protected by natural antioxidant
systems and compartmentalization. After sample homogeni-
zation, however, cellular content is mixed and unavoidably
diluted, which renders lipids more prone to chemical or enzy-
matic modification. Some lipids are very stable (sterols, bile
acids) while others are more prone to chemical oxidation
(plasmalogens, lipids containing polyunsaturated fatty acids)
or oxidation by light (7-dehydrocholesterol, ergosterol) (Wolf
and Quinn 2008). Enzymatic modification can be prevented
by working at temperatures close to 0 °C and adding a small
percentage of organic solvent to the homogenization buffer.
After extraction, lipids are much more prone to chemical
oxidation and extracts therefore should preferably be stored
in glass vials, solubilized in sufficient organic solvent at
−80 °C and care should be taken to eliminate air/oxygen by
flushing with inert gasses and storing in full containers.
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Data acquisition

Common techniques to separate lipids before MS anal-
ysis include high/ultra-high performance liquid chroma-
tography (HPLC/UHPLC) and capillary electrophoresis.
Alternatively, direct infusion of the lipid extract into the
mass spectrometer (e.g., no prior chromatographic sepa-
ration), so called “shotgun lipidomics”, is also frequent-
ly used.

For convenience, several technical terms in relation
to mass spectrometry are listed in box 1. To appreciate
the different approaches in lipidomics one must first
understand the ionization process and the types of mass
spectrometers and techniques that are used to separate/
filter ions. Basically, there are three types of mass filters
namely quadrupoles (Q), time-of-flight (TOF), and ion
traps. By using combinations of these mass filters, dif-
ferent mass spectrometers can be constructed which are
called hybrids. Frequently used types of machines in-
clude triple quadrupole instruments (QqQ), Quadrupole
time-of-flight (QTOF), and ion traps.

Box 1 Mass spectrometry lexicon

Triple quadrupole instruments (low resolution)

Triple quadrupole instruments (QqQ) are commonly used in
the targeted quantification of metabolites in biological sam-
ples. The two quadrupoles (Q) are separated by a collision cell
(q) which is used to fragment ions originating from the first
quadrupole, making it possible to perform different types of
scans (Han et al 2012). Typically, a combination of constant
neutral loss scans, precursor ion scans and product ion spectra
is used to detect metabolites in biological matrices (Liu 2012).
The limited resolution of the quadrupole (up to 7500, FWHM)
is not sufficient for metabolite identification based on the
measured mass in contrast to high resolution instruments as
will be dealt with next. At higher acquisition rates and
when scanning a wide mass range, sensitivity is consid-
erably reduced, making QqQ instruments less suitable for
biomarker discovery. QqQ instruments are, however, the
best option for sensitive targeted quantitative analysis
(especially when combined with UHPLC) of a limited
amount of metabolites using their tandem MS capabilities
in multiple reaction monitoring (MRM).

Time-of-flight (TOF), ion traps, and hybrids (high resolution)

TOF mass spectrometers combine high-resolution with mass
accuracy, which increases the possibility of determining ele-
mental compositions of molecules and also provides high
specificity of detection. By combining TOF’s with quadru-
poles, hybrid machines have been developed allowing novel
scan modes together with high resolution capabilities. Ma-
chines as QqTOFs are, just like QqQ instruments, capable of
selecting and fragmenting ions that can be subsequently sep-
arated by the TOF and detected at high resolution. The reso-
lution (up to 70,000, FMWH) is sufficient for metabolite
identification and TOF instruments can cope with a high
acquis i t ion rate which combines wel l with fast
chromatographical systems such as UHPLC. Resolution is
an important parameter of mass spectrometry and is explained
in more detail in Fig. 2.

Ion traps, Orbitraps in particular, have developed into mass
filters with very high resolution (up to 450,000 at m/z 200)
making it possible to determine the exact mass of the com-
pounds but also to resolve isobaric species and reveal isotope

Amu Stands for atomic mass unit, which is the same as
Dalton (Da). One (unified) atomic mass unit is
defined as one twelfth of the mass of an un-
bound neutral atom of 12C in its nuclear and
electronic ground state and is equivalent to 1
g/mol

Acquisition rate Amount of scans that can be performed per second
for a certain mass range

Accurate mass The measured exact mass

Data-dependent
scanning

Automated real-time selection of ions for MSn

analysis.

Exact mass The calculated mass of an ion based on the sum of
the (monoisotopic) masses of each atom in the
molecule

Ion suppression/
enhancement

The negative (or positive) effect on the ionization
of the molecules of interest by the presence of
other endogenous or exogenous molecules.

Linear dynamic
range

This is the range over which ion signal is linear
with the analyte concentration

m/z Mass (m) to charge (z) ratio, i.e., the mass of the
ionized molecule divided by its charge

Mass range The range of m/z that can be covered by a certain
mass spectrometer

Mass accuracy The difference between the exact mass and the
measured mass divided by the exact mass (e.g.,
│(exact mass – accurate mass) │/exact mass).
In other words, how close is the measured mass
to the exact mass. Mass accuracy is usually
measured in parts per million (ppm) or amu/Da

MSn Mass spectrometry where after fragmentation,
fragments are either analyzed of fragmented
again n-times. Tandem mass spectrometry as
performed by QqQ machines is termed MS2

Resolution Resolution is defined as the m/Δm, where m is the
mass of the peak and Δm is the peak width at
half height and is a measure of the ability to
distinguish two peaks of slightly different mass-
to-charge ratios, in a mass spectrum. The higher
the value the better the resolution. Also some-
times indicated as “full width at half maximum”
= FWHM

Sensitivity Amount of moles (usually femtomol/attomol
range) that can be detected by the instrument
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fine structures. Another advantage of some ion trap machines
is that these instruments have MSn capability, meaning that
ion fragments can be further fragmented and characterized,
which is particularly useful for structural elucidation of mol-
ecules. When compared to TOF instruments, ion traps have a
relatively slow acquisition rate, especially at high resolution
and resolution declines at higher m/z values. Ion traps are
therefore less suitable for fast chromatography. By interfacing
Orbitraps with linear ion traps or quadrupolemass filters many
of these limitations have partially been overcome.

An interesting and useful feature that is especially useful
when using hybrid machines is the capability to perform so
called data-dependent scanning. This technique uses specific
criteria to select one or more ions of interest for subsequent
fragmentation, meaning that a product ion scan is performed
for these selected ions providing more structural information
of the compound. Scanning in the data-dependent mode starts
with a survey scan to identify ions and their abundances in the
sample. This survey scan is then followed by the acquisition
of a fragment spectrum from the automatically selected pre-
cursors. In this way, product ion scans are obtained (or in some
ion traps evenMSn spectra) that can aid in the identification of
the precursor ions. Although this type of scanning is biased
toward the more abundant ions it provides valuable structural
information of the ions (Bhattacharya 2013).

Ionization techniques (ESI, APCI, and MALDI)

Before any molecule can be analyzed by the mass spectrom-
eter it first has to be ionized so that it can be manipulated using
electric fields andmass filters and detected by the detector. For

lipidomics, three ionization techniques are most used, 1.
Electrospray ionization (ESI), 2. Atmospheric pressure chem-
ical ionization (APCI), and 3. Matrix-assisted laser
desorption/ionization (MALDI). There are many other ways
to ionize analytes (Li et al 2014) but these will not be
discussed here. The three ionization techniques mentioned
above are all so called “soft ionization” techniques as very
little fragmentation occurs during the ionization process and
mainly monocharged molecular ions, which is ideally suited
for metabolomics purposes.

ESI is most widely used for thermally labile and mostly
non-volatile molecules and therefore can be applied to almost
all lipid categories. The sample is nebulized through a highly
charged capillary using heated nitrogen gas, producing a fine
aerosol. This results in evaporation of the solvent and ioniza-
tion of the molecules after which the ions enter the mass
spectrometer.

With APCI, the sample is nebulized and heated so that both
solvent and analytes are in the gas phase followed by a corona
discharge which ionizes the solvent molecules that subse-
quently also ionize the analyte molecules. APCI generally
yields monocharged ions and is mainly used with small
thermally stable nonpolar molecules (<1500 Da). For
lipidomics, APCI is mostly applied for neutral lipids
including triglycerides, sterols, and fatty acid esters
(Byrdwell 2001; Li et al 2014).

For MALDI, the sample is mixed with a matrix that readily
forms crystals that aids the ionization process. The fluid
mixture of sample and matrix is spotted on a MALDI plate
and allowed to dry. To ionize the analyte molecules, a laser is
fired at the matrix crystals in the dried-droplet spot, which
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absorbs the laser energy resulting in desorption and ionization.
The ionized matrix molecule then transfers its charge to the
analyte, thus ionizing the analyte.

Direct infusion MS, chromatography- and MALDI-based MS
analysis

For the data acquisition, essentially two strategies can be
chosen, MS preceded by a chromatographic separation
(usually LC-MS) or direct infusion, which is also called
“shotgun MS”. Both approaches have their advantages and
limitations.

In shotgun lipidomics, the lipid extract is introduced direct-
ly into the MS and acquisition can proceed for prolonged
periods of time to acquire multiple spectra with good signal
to noise ratios. Especially when combined with nanomate
devices, reproducible direct infusion into the mass spectrom-
eter can be accomplished. As there is no prior separation,
analysis time is relatively fast and when using suitable internal
standards, the shotgun approach is surprisingly reproducible,
even in complex matrices (Jung et al 2011). Multiple analyses
are done on multiplex extractions of the same sample using
different types of scans on QqQ machines (neutral loss scan,
precursor ion scan, and product ion scans) and this informa-
tion combined is so called multi-dimensional MS (MDMS)
which allows identification and quantification of individual
lipid species (Han et al 2012). As sensitivity, mass resolution
and accuracy, acquisition rate and dynamic range of mass
spectrometers have all improved rapidly, shotgun MS is be-
coming a considerably attractive method of choice for
lipidomics. Despite these advances, however, shotgun
lipidomics is hampered by ion-suppression/enhancement ef-
fects, the inability to distinguish certain isobars/isomers, un-
reliable quantification of low abundant lipids and difficulty in
identifying unknown lipids (Hyotylainen and Oresic 2014).
ESI-QTOF instruments are frequently used for shotgun
lipidomics as they combine the ability to perform fragmenta-
tion with accurate mass measurement. Like hybrid instru-
ments containing ion traps, however, these instruments are
limited in their capabilities to perform tandem MS scans
typically used in QqQ instruments. As they capture all pre-
cursors and their fragments in parallel and in a single scan, the
analyses of the data pose a great challenge to relate the
fragments to their precursors (Bhattacharya 2013).

LC-MS, which is the most frequently used hyphenated
mass spectrometric technique, has the advantage that sep-
aration of the different lipid classes/species lowers the
complexity of the sample, reduces ion suppression/
enhancement effects, and therefore allows a more specific
identification of lipid species. Another advantage is that
isobaric/isomeric lipids sometimes can be separated and
quantified, which is not possible using shotgun MS. For
examp le , b i smonoacy lg lyce ro lphospha t e s and

phosphatidylglycerols are isobaric/isomeric molecules
that cannot be distinguished using MS and have to be
separated by chromatography to be detected and quanti-
fied separately. Another advantage of chromatographical
separation is that some lipids can undergo in source frag-
mentation that “synthesizes” other lipids. For instance,
phosphatidylserine can lose its headgroup and form phos-
pha t id i c ac id which can be recogn ized when
phosphatidylserine-derived phosphatidic acid is separated
from endogenous phosphatidic acid by liquid chromatog-
raphy prior to MS detection (Knittelfelder et al 2014).
When using LC-MS, however, the acquisition rate needs
to be sufficient to fully designate an eluting peak with
enough sensitivity to allow reproducible quantification
and identification. This can be problematic when using
ion traps as the technical setup of these instruments is
such that at higher resolutions acquisition rates are signif-
icantly reduced. In addition, although ion suppression/
enhancement is considerably less when using LC, the
different elution time of internal standards and analytes
calculated using those internal standard can introduce
variation because of variable amounts of ion suppression
during the chromatographical run. The LC step also ne-
cessitates extra data pre-processing efforts as retention
time correction and correct peak grouping needs to be
implemented in the bioinformatics pipeline.

MALDI-based MS analysis in lipidomics is mostly used to
directly detect lipids from surfaces including tissue sections
and TLC plates, but spotted lipid extracts can also be analyzed
(Berry et al 2011; Ellis et al 2013). The relatively simple
sample preparation and the fact that considerable amounts of
impurities are tolerated makeMALDI-basedMS useful for the
analysis of a large number of samples. The MALDI ioniza-
tion, however, renders it difficult to hyphenate with other
techniques, UHPLC in particular, and metabolite quantifica-
tion is not a strong suit of MALDI-based MS (Fuchs et al
2010). Despite these disadvantages, MALDI-based MS is
being used more and more in lipidomics because of the
capability to scan tissue slices and provide a spatial distribu-
tion map of lipids within a sample, a technique called mass
spectrometry imaging or MSI (Berry et al 2011). To be able to
visualize the location of different lipids in tissue slices, and
even at the cellular level, makesMSI a valuable addition to the
techniques to characterize the lipidome.

Bioinformatics data pre-processing

Metabolomics experiments generate large amounts of data,
which can be processed by various bioinformatics methods to
detect and quantify metabolite peaks, assign compound
names, and perform further downstream analysis such as
statistical, biological pathway, or metabolic flux analysis.
Pre-processing is the first part of this bioinformatics workflow
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and comprises the application of methods needed to generate a
peak table for each sample which contains all detected peaks
(positions) and their relative concentrations (peak intensities
and/or areas). Subsequently, to facilitate comparative analysis,
matching peaks representing the same metabolite from differ-
ent samples are grouped together in a peak group list (Boccard
et al 2010). Sometimes, chromatogram alignment is required
to adequately group matching peaks (see below). In essence,
the challenge of data pre-processing is to collect as many true
metabolite signals from the data as possible, while at the same
time minimizing the number of detected artefact peaks (e.g.,
noise, spikes). Highly abundant metabolites usually yield
strong, unmistakable signals, but as the metabolite concentra-
tions reach the detection limit, it becomes harder to automat-
ically identify and quantify the peaks. In practice time-
consuming curation and improvement of the peak table by
mass spectrometry experts still remains necessary. Generally,
a few rounds of pre-processing and curation are required to
establish a final peak table.

Although each pre-processing step can be implemented in
several ways they generally comprise the following steps
(Boccard et al 2010):

& Peak detection. For LC-MS data, this first step involves
the detection of eachmetabolite peak from the raw data for
each individual sample. This results in a list of peaks
characterized by its mass (m/z) and retention time posi-
tion. Subsequent peak quantification is achieved by deter-
mining the peak area through peak integration. A detec-
tion limit (signal-to-noise level) for the intensity is set a
priori and conditions can be placed upon the shape of a
peak in order to eliminate noise peaks. For direct infusion
data, which lacks chromatographic separation, the inten-
sity of each peak is determined as a (weighted) average
over the collection time;

& Peak quantification/normalization. The response of dif-
ferent lipid classes can be altered by matrix effects and
suppression and therefore multiple internal standards are
routinely added to correct for these influences. The mea-
sured intensities can then be normalized using these inter-
nal standards in order to obtain semi-quantitative data that
can be further analyzed statistically;

& Peak grouping. To facilitate the statistical comparison of
metabolite peaks across groups of samples one needs to
group those peaks that, in terms of peak position, are most
similar to each other. Generally, peakmatching procedures
search for peaks across samples within a group of
(biologically) related samples that are within a pre-
specified m/z and retention time distance of each other
and, consequently, are assumed to represent the same
metabolite. Such grouping needs to account for fluctua-
tions in the chromatographic system that leads to non-
linear deviations of the retention time of individual peaks.

Consequently, (non-linear) time alignment approaches are
generally applied to correct time shifts between samples;

& Imputation of missing peaks. Due to shortcomings in
experimental and/or bioinformatics procedures or due to
sample outliers, one or few samples in a group of related
samples may sometimes miss one or more metabolite
peaks. To avoid missing intensities in downstream
(statistical) analysis, the intensities of missing peaks can
be added to the peak table by assuming that they are
located at the same position as the identified peaks in the
related samples and, subsequently, integrate the measured
intensity within these areas. At this point, a peak group in
the list is referred to as a feature, which is defined by its
m/z and RT value, and intensity. Further analysis of the
dataset is required to determine which features correspond
to identified metabolites or noise and which remain
unidentified;

& Visualization. The complexity of metabolomics data dic-
tates the use of visualization methods to explore raw and
processed data for quality control, validation of results,
and to pinpoint parts of the data or results that requires
further attention. For every feature, simple graphs of the
contributing peaks (overlays of extracted ion chromato-
grams) or box plots of the intensities can give rapid insight
into the shape of the peaks and the relative differences
between groups of samples.

& Isotope correction. Isotopes are molecules with the same
chemical composition, but with one ormore heavier atoms
(for example 13C instead of 12C) and a correspondingly
higher mass. At low resolution, peaks from isotope mol-
ecules of one lipid overlap with peaks of a lipid with two
more hydrogen atoms (e.g., one less double bond). The
intensity of the isotope peak needs to be subtracted from
the intensity of the second lipid, before all lipids can be
properly quantified. Since the isotope patterns follow the
natural abundances of atoms, they can be easily
calculated;

& Compound identification. It is not sufficient to have a peak
list that only contains a long list of features without
knowing to which metabolites these correspond, since this
would prevent any sort of biological interpretation. There-
fore, it is essential to assignmetabolite (compound) names
to these features, which is currently one of the main
bottlenecks in metabolomics and for which experimental
(e.g., compound fragmentation) and bioinformatics strat-
egies are available. The identification of metabolites is
usually based on queries to internal or external public
databases of all known lipid species. Mass spectroscopic
resolution and the quality of the chromatographic separa-
tion of different classes of lipids are key factors for the
accuracy of the identification. At low resolution, there is a
risk of ambiguous assignments because the peaks for
lipids with small mass differences in their mass have a
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tendency to overlap, and deconvolution can be difficult or
even impossible, which makes it impossible to identify
these peaks. At high resolution, the m/z value of a feature
is much more accurate and the identification of the corre-
sponding lipid molecule is much more reliable. In both
cases, the full scan only gives information on the com-
bined side chains of the lipid; further MS fragmentation is
necessary for determining the composition of the individ-
ual side chains (e.g., PE(20:4/18:4)). The LIPID MAPS
consortium has developed an online database of over
37,500 lipid structures, which can be queried (Fahy et al
2009). LipidBlast is a database of in silico generated MS/
MS spectra of over 200,000 lipids which can be cross-
referenced with experimental data (Kind et al 2013). There
are several web-based and commercial services or pack-
ages that can search MS files to identify lipids but fre-
quently are MS vendor-specific and generally do not
provide the source code of the application to allow user
modifications.

There are various commercial and open-source software
packages that address pre-processing of LC-MS data (Oresic
2011; Theodoridis et al 2012). The commercial software is
efficiently integrated with the machine of the vendor, has
advanced graphical interfaces, and is usually well document-
ed. The open-source packages have the advantage that the
source code is available and are generally produced through a
community effort. Open-source solutions provide more flex-
ibility compared to commercial software, include contribu-
tions from multiple academic groups, often provide state-of-
the-art methods, and the software can be tailored or extended
to the specific needs of the researcher. For direct infusion
(shotgun lipidomics) data, the number of software packages
that are suitable for untargeted, batch-mode studies is still
rather limited (Herzog et al 2012).

Just as there is no standard in procedures and platforms
for collecting lipidomics data, there is no uniform data
pre-processing strategy. Most labs have their own require-
ments, and rely on tailor-made pipelines that consist of a
combination of the methods described above. Pre-
processing is a complicated step in the analysis of
lipidomics data and choices of parameter settings greatly
influence the outcome (peak table) and therefore poten-
tially the biological interpretation. A lot of fine-tuning is
achieved by the regular interaction of technicians or clin-
ical biochemist with bioinformaticians in order to make a
bioinformatics pipeline reliable.

Statistical data analysis

Lipidomics experiments yield a wealth of data; hundreds to
thousands of features can be observed in a single experiment,
corresponding to tens to hundreds of identified lipid species,

along with a large number of unidentified features. A large
range of statistical approaches is available to analyze the data
depending on the biological question. For the comparison of
two or more groups one may resort to univariate methods such
as analysis of variance (ANOVA). For other types of
analysis one may need more advanced methods such as
partial-least-squares discriminant analysis (PLS-DA) for
biomarker discover (Want and Masson 2011). Principal
component analysis (PCA) or cluster analysis for a first
exploration of the data provides information about the
(separation of) groups of samples and/or metabolites.
For an overview see (Hendriks et al 2011).

As part of the statistical data analysis one must deal with
the fact that in most studies one will have far fewer features in
the peak table than samples measured. One consequence is
that the application of univariate statistical methods may result
in too many false positive findings due to the many hypothesis
tests that are performed. Indeed, many of these findings won’t
be confirmed during labor intensive experimental validation
and, consequently, one has to account for this multiplicity
issue. A common approach is to correct the p-value for the
number of statistical tests by, for example, a Bonferroni cor-
rection or control the expected proportion of incorrectly
rejected null hypotheses through a less conservative false
discovery rate (FDR) procedure (Boccard et al 2010). Never-
theless, univariate tests have many advantages, such as appli-
cability to all types of variables and outcomes and simplicity
in interpretation (Chadeau-Hyam et al 2013). A disadvantage
of univariate tests is that they disregard relations between
features which may be important for the biological interpreta-
tion, or which may improve statistical inference through their
inclusion in the statistical test. Multivariate approaches such
as PCA and PLS-DA consider the correlation structure of the
data and reduce the dimensionality of the data by constructing
so-called latent variables, which are combinations of the orig-
inal variables (e.g., metabolites). This also facilitates the visu-
alization of the data in two or three dimensions.

There is no pre-defined statistical test that gives the right
answer for every lipidomics experiment. The most appropriate
test to choose depends on the biological question (differences
between groups, e.g., control versus diseased, or the discovery
of biomarkers) and the scope, e.g., whether a holistic or
detailed analysis is required (Saccenti et al 2014). Even the
stage in the data analysis in which the statistical test is applied
can be important, whether the test is applied for exploratory
data analysis or for the determination of a definitive treatment
effect.

Pathway analysis

To facilitate the biological interpretation of lipidomics data a
range of approaches can be pursued. Perhaps the most
straightforward approach is to integrate and visualize the
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identified metabolites in the context of metabolic pathways
obtained from public databases (Barupal et al 2012;
Karnovsky et al 2012; Sreenivasaiah et al 2012). A statistical
approach toward pathway analysis could involve metabolite
set enrichment analysis (MSEA) (Xia and Wishart 2011)
which is based gene set enrichment analysis (GSEA) com-
monly used in the analysis of gene expression datasets. MSEA
can be used to investigate the enrichment of predefined groups
of related metabolites instead of individual metabolites. This
allows to identify subtle but coordinated changes among
related metabolites. MSEA starts with a list of metabolites
that have been extracted from the experimental data through
statistical approaches such as ANOVA, cluster analysis, PCA,
or PLS-DA. Subsequently, one aims to determine whether
metabolites from a predefined metabolite set are over-
represented in the experimental list of metabolites, that is more
than expected by chance. Commonly, the hypergeometric test
is used to test for over-representation. The metabolite sets can
be constructed according to any criteria such as co-occurrence
in the same metabolic pathway, association with disease, or
functional class. More advanced systems biology approaches
are also feasible. For example, the construction of correlation
networks from metabolic profiles to identify metabolites that
are related and co-regulated across the conditions that were
measured (Kotze et al 2013). These methods do not require
any prior knowledge such as pathway stoichiometry.

For the investigation of metabolic adaptations at the mo-
lecular level one may not only look at metabolite concentra-
tions by also at the alteration of fluxes in the network. Meta-
bolic fluxes are an ultimate representation of the cellular
phenotype since they are shaped through cellular regulatory
processes at many different levels such as enzyme activity,
substrate affinity, presence of inhibitors and activators, and
concentration of the metabolites (Nielsen 2003). The concen-
trations of the metabolites are a result of the fluxes and this
plays an important role in feedback regulation. Unfortunately,
intracellular fluxes cannot be measured directly but have to be
estimated from concentration measurements. One approach is
to use constraint-based methods such as flux balance analysis
(FBA) for steady-state systems or dynamic FBA (DFBA) for
dynamic systems (Mahadevan et al 2002). These methods,
however, do require information about the reaction stoichiom-
etry in addition to the specification of constraints that bound
the magnitude of the fluxes and an objective function that
defines the phenotype (e.g., maximum growth rate or energet-
ic efficiency) in the form of a biological objective such as
biomass production. The objective function quantifies the
relative contribution of each reaction to the phenotype.

Finally, one may investigate pathways through the use of
detailed mathematical (kinetic) models such as those based on
differential equations. Such models predict and quantify re-
sponses of a metabolic system and can be used to simulate
different scenarios such as gene knock outs (Peskov et al

2012). Generally, these models require a detailed description
of the underlying metabolic pathway and kinetic constants.
The latter may (to some extent) be estimated from metabolite
concentration measurements.

Conclusion

The technical advances in mass spectrometry, particularly the
development of (ultra)-high-resolution/mass accuracy mea-
surement capabilities in combination with refinement of soft
ionization techniques, have increased the application and suc-
cess of lipidomics to answer biological questions in relation to
lipid metabolism. Together with other omics technologies,
lipidomics has become an important tool to practice systems
biology as lipids comprise a very significant part of the me-
tabolome and play pleiotropic roles in cellular functions. As
an increasing number of disorders are linked to lipid metabo-
lism, lipidomics is used to search for biomarkers, understand
disease mechanism, and follow the efficacy of therapeutic
options. Still, with a plethora of different techniques, each
with their own strengths and weaknesses, it is clear that no
single platform is sufficient to fully characterize the lipidome
completely. Combining different lipidomics techniques, such
as mass spectrometry imaging, shotgun/LC lipidomics, global
profiling using LC-high resolution MS, and quantitative
targeted lipid analyses with LC-QqQ MS and GC-MS has
the potential to yield the most complete lipidomics data sets
(Brugger 2014; Hyotylainen and Oresic 2014). Unfortunately,
only a few laboratories have the technical, financial, and
analytical capabilities to achieve this. Many examples in lit-
erature, however, have shown that even a single platform can
yield insightful results, which is encouragingmore researchers
to setup lipidomics platforms for both research and
diagnostics.

There is a great need for standardization and consolidation
in the field of lipidomics, in terms of sample preparation, data
collection methodology, and data management and analysis.
The exchange of data and results between different laborato-
ries through publicly accessible repositories (such as
Metabolights (Salek et al 2013)), will allow the community
to build a knowledge base to map the entire lipidome
(Theodoridis et al 2012). The pre-processing of metabolomics
data remains a major bottleneck and continues to require the
time-consuming step of manual validation. Clearly, more bio-
informatics research is required to develop improved algo-
rithms that eventually allow to pre-process data with no or
only minimal human intervention. However, this will require
the large-scale availability of public metabolomics data. An-
other bottleneck is the assignment of compound names to
identified peaks in the raw data. A solution to this problem
should be a joint effort of experimental and bioinformatics

50 J Inherit Metab Dis (2015) 38:41–52



approaches. A final challenge is the further development of
statistical, bioinformatics, and systems biology methods to
enable biological interpretation. In particular, efforts toward
the integration and interpretation of metabolomics data with
genome data (e.g., SNPs), gene expression data, and proteo-
mics data are expected to become more common and will
enable new insights in living systems and the identification of
biomarkers.

It is important to realize that in each phase of the metabo-
lomics experiment different specialists play a dedicated role.
When researching human disorders, physicians ensure that
patient selection is accurate and together with clinical bio-
chemists see to it that no pre-analytical trivialities occur.
Technicians and analytical chemists/clinical biochemists need
to develop a reproducible and robust method and
bioinformaticians are responsible to assist in the statistical
design of the experiment and provide reliable and validated
data pre-processing and analysis methods to facilitate correct
biological interpretation of the results. This requires the pres-
ence of dual-thinkers on the lipidomics team and emphasizes
that research and development is based on constructive coop-
eration between different disciplines to obtain the best results.
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