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Until now, most metabolomics protocols have been optimized towards high sample throughput
and high metabolite coverage, parameters considered to be highly important for identifying
influenced biological pathways and to generate as many potential biomarkers as possible. From
an analytical point of view this can be troubling, as neither sample throughput nor the number
of signals relates to actual quality of the detected signals/metabolites. However, a method’s
selectivity for a specific signal/metabolite is often closely associated to the quality of that signal,
yet this is a parameter often neglected in metabolomics.
This thesis demonstrates the importance of considering selectivity when developing
NMR and LC-MS metabolomics methods, and introduces a novel approach for measuring
chromatographic and signal selectivity in LC-MS metabolomics.
Selectivity for various sample preparations and HILIC stationary phases was compared.
The choice of sample preparation affected the selectivity in both NMR and LC-MS. For the
stationary phases, selectivity differences related primarily to retention differences of unwanted
matrix components, e.g. inorganic salts or glycerophospholipids. Metabolites co-eluting with
these matrix components often showed an incorrect quantitative signal, due to an influenced
ionization efficiency and/or adduct formation.
A novel approach for measuring selectivity in LC-MS metabolomics has been introduced. By
dividing the intensity of each feature (a unique mass at a specific retention time) with the total
intensity of the co-eluting features, a ratio representing the combined chromatographic (amount
of co-elution) and signal (e.g. in-source fragmentation) selectivity is acquired. The calculated
co-feature ratios have successfully been used to compare the selectivity of sample preparations
and HILIC stationary phases.
In conclusion, standard approaches in metabolomics research might be unwise, as each
metabolomics investigation is often unique. The methods used should be adapted for the
research question at hand, primarily based on any key metabolites, as well as the type of sample
to be analyzed. Increased selectivity, through proper choice of analytical methods, may reduce
the risks of matrix-associated effects and thereby reduce the false positive and false negative
discovery rate of any metabolomics investigation.
Keywords: Metabolomics, NMR, LC-MS, HILIC, UHPLC, Q-ToF, selectivity, co-feature
ratio, method evaluation, data evaluation
Albert Elmsjö, Department of Medicinal Chemistry, Analytical Pharmaceutical Chemistry,
Box 574, Uppsala University, SE-75123 Uppsala, Sweden.
© Albert Elmsjö 2017
ISSN 1651-6192
ISBN 978-91-554-9879-5
urn:nbn:se:uu:diva-318296 (http://urn.kb.se/resolve?urn=urn:nbn:se:uu:diva-318296)

A good hockey player plays where
the puck is.
A great hockey player plays where
the puck is going to be.
Wayne Gretzky
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Introduction

The modern concept of metabolomics was first introduced in the late 1990s
by pioneers such as Oliver Fiehn and Jeremy Nicholson [1, 2]. Metabolomics
can be defined as the scientific field aiming at a complete analysis of all lowweight substances (metabolites) in a given biological system [3]. The
investigated system is often referred to as the metabolome and is considered
as the downstream endpoint of all processes in that system, both
environmental (diet, toxicology, drug, lifestyle) and genetic. Since its
introduction, metabolomics has been fruitful within a wide range of scientific
areas (e.g. nutrition and toxicology) [4-7] and has proven suitable in
biomarker discovery as well as for hypothesis-generating studies [8].
A metabolome often consists of a complex mixture of thousands of
metabolites from a variety of metabolite classes with a wide chemical
diversity [9]. The metabolites vary not only in physicochemical properties
such as molecular weight, hydrophobicity/hydrophilicity, acidity/basicity,
solubility and boiling point, but also in their concentration magnitude. Due to
this complexity, one of the major analytical challenges in metabolomics is to
generate a representative biochemical presentation of the metabolome. The
analysis is further complicated by numerous interfering matrix components
that can have a strong impact on the results [10–12]. The choice of analytical
method is therefore of fundamental importance in metabolomics, especially
as metabolite coverage and data validity are highly dependent on the quality
of the analytical methods in use [13].
Currently, there are two predominantly used techniques in metabolomics.
Nuclear magnetic resonance (NMR), is characterized by its robustness and by
its capacity to give both structural and (absolute) quantitative information for
a large range of metabolites [14, 15]. The other frequently used technique is
mass spectrometry (MS) (often hyphenated with liquid chromatography),
which is known for a high sensitivity combined with a high selectivity for a
large set of metabolites [16]. Even though these two techniques can, together,
detect a large set of metabolites, they are not even close to unraveling the
complete metabolome. One estimate is that a human metabolome contains
around 8500 endogenous metabolites, and up to 40,000 additional exogenous
metabolites (drugs, additives, toxins etc.) [17].
Considering that the two most capable techniques to date are not even close
to being able to determine the complete metabolome, it is the author’s opinion
that the field of metabolomics will be ‘under development’ for a long period.
9

It is also important to bear in mind that metabolomics investigations are
seldom driven by analytical chemistry or by statistical questions, but by
biology and biological questions. For these reasons, simple applicable
strategies and tools will be constantly needed in order to evaluate and validate
metabolomics methods. The author’s contribution to the metabolomics
community has therefore been to highlight the importance of selectivity and
to introduce a new concept for evaluation of selectivity in LC-MS
metabolomics.
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The metabolomics workflow

To put this thesis into its correct context, the general steps in all metabolomics
investigations will be briefly described (Figure 1). The typical steps are
sample generation and storage, sample preparation, data generation, data
analysis, biological interpretation and validation. An overview of each step
will be presented and the reader is referred to each individual paper for
detailed information about the methods in use.
For clarification, this thesis will only use the term metabolomics, which
could be considered an umbrella term for several different quantitative
approaches used within the metabolomics community. Most of the
terminologies and definitions are presented in more detail in a review by Dunn
et al. [18].

Figure 1. An overview of the general steps often included in a metabolomics
workflow. In all steps, analytical chemistry is incorporated in one way or another.

Sample generation
Most metabolomics investigations can be likened to fishing expeditions,
trying to catch the ancient pike. To ensure this is not an impossible task, it is
very important to generate samples that can answer the research question
being asked. The aim of the sample generation step, Figure 1, is therefore to
acquire an unbiased metabolome capable of answering the current research
question.
11

In this thesis, one animal study [18] and one clinical intervention [19] were
included. The animal investigation was aimed at examining the metabolic
response from rats following neonatal exposure to the neurodegenerative toxin
β-N-methylamino-L-alanine (BMAA) [I]. In the clinical intervention, 39
human individuals were overfed for seven weeks with muffins containing
saturated (SFA) or polyunsaturated fatty acids (PUFA) [II], to investigate the
accumulation of fats in relation to insulin sensitivity. For papers III and IV in
the thesis, blank and pooled samples were used, excluding variation associated
with biological samples.
Choosing an appropriate sample type (urine, blood, saliva, etc.) in
metabolomics is important and should relate to where the biological changes
are expected to occur. In this thesis, four sample types were investigated:
blood serum [I], blood plasma [II, IV], cells [III, IV], and urine [IV]. Whole
blood is considered to be one of the most informative biological samples and
is therefore one of the most popular sample types. To reduce perturbation in
the metabolome during storage, whole blood is often turned into blood serum
or blood plasma, by letting the blood coagulate or by adding anticoagulants
(Ethylenediaminetetraacetic acid (EDTA), citrate or heparin) respectively. In
some cases, serum can be preferable as it does not contain an anticoagulant
that might disturb the analysis, but in general only small metabolite
differences are observed between serum and blood plasma [20]. Urine is also
a frequently used sample type in metabolomics, as it can be collected noninvasively. In paper IV, horse urine was used, which in many aspects is
fundamentally different from human urine. Horses, which are herbivorous,
have a well-developed cecum, so the excreted urine is heavily loaded with
mucus [21]. Cells have also been used extensively in metabolomics
investigations, as they are often used as in vitro models for a broad set of
human diseases [22]. Within a lipid-rich cellular membrane, each cell contains
an aqueous solution with a broad set of diverse biomolecules.
Sample collection, sample storage and sample handling are also important
parameters affecting the generated biochemical presentation of the
metabolome. Samples were collected through different sets of collaborations,
each with their own scientific expertise. Sample storage and handling
followed applicable recommendations [23–25].

Sample preparation
After sample generation, a preparation step is often required to enable further
analysis of the samples (Figure 1). In general, sample preparations in
metabolomics are aimed at being as unselective and as comprehensive as
possible. Hopefully this strategy enhances the probability of detecting as many
metabolite perturbations as possible. Several publications compare and
optimize different preparation procedures for metabolomics. The most
12

common strategy is to evaluate and optimize the methods, with the aim of
detecting as many metabolites/features as possible [21,26–33]. A short
summary of the sample preparation methods used in this thesis follows.
In papers I, II and IV, blood serum/plasma was precipitated with cold
acetonitrile (ACN), enabling a physical removal of proteins, and lipids to
some extent. The horse urine in paper IV was also precipitated with cold ACN.
The sample preparation of cells is usually a two-step process, starting with a
quenching followed by an extraction. The purpose of the quenching is to stop
all cellular processes, thereby ‘freezing’ the metabolic profile. The aim of the
extraction process is to extract as many metabolites as possible, while
removing unwanted cellular debris such as lipids and proteins. In papers III
and IV, cells were quenched and harvested using a standardized procedure
[34, 35]. In paper III, four inherently different aliquots of cell extracts were
acquired by using three different preparation techniques: dilution, solid phase
extraction and liquid-liquid extraction (analyzing both the aqueous and
organic phase). In paper IV, cells were prepared using a modified Folchextraction [36], containing both water, chloroform and methanol [34, 37].

Data generation
After sample preparation, the metabolite composition of each sample should
be recorded (Figure 1). This is generally done either by assessing the
intensities and resonance frequencies for all proton-containing metabolites or
by assessing the intensities and the mass-to-charge ratios (m/z) for all
ionizable metabolites. 1H-NMR is characterized by being an absolute
quantitative technique, highly reproducible, and all metabolites in a given
sample generally have the same response factor, dependent on the number of
1H in the molecule. Each recorded spectrum contains a lot of information
(chemical shifts, intensities and split patterns) related to the chemical
structures of the molecules in the sample. This information is highly usable
for identifying the metabolites in the investigated samples.
Sensitivity and selectivity are much higher in MS than in NMR, but MS
has some critical downsides. As the investigated samples physically interact
with the instrument, because of contamination the response factor may vary
over time if many samples are investigated one after the other [38]. Another
factor, perhaps more severe, is that the response for a metabolite can depend
on co-eluting species, an effect referred to as the matrix effect. As the matrix
effect may not be constant between samples due to inter-individual variability
in interfering components (e.g. lipids, proteins or inorganic salts), identical
metabolite concentrations can show different response factors [39,40].
In papers I and II, precipitated blood plasma/serum was pulsed with the 1D
NOESY-presat pulse sequence, a robust pulse sequence known for its
capability to suppress large water signals [41,42]. In papers III and IV, cell
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extracts, urine and blood plasma were analyzed on a UHPLC-ESI-Q-ToF
system. Three HILIC stationary phases were used: amide [III, IV], bare silica
[IV] and sulfobetaine [IV] [43,44]. The Q-ToF instrument was used to acquire
accurate masses as well as fragmentation patterns through the collection of
data-independent MSE spectra. Both accurate mass and MSE capability were
needed to identify and correctly match the corresponding metabolites over
different samples (see section on pre-processing).

Data analysis
Metabolomics studies may include hundreds of observations (samples), where
each sample often generates intensities of thousands of variables (bins or
features). In addition, spectral data from NMR and MS are generally
considered to be very complex, so this dense raw data needs to be processed
and analyzed in several steps to make it interpretable (Figure 2). The
description of data analysis has been divided into three sections: preprocessing, multivariate-/univariate analysis, and metabolite identification.

Data pre-processing
Every step before the multivariate analysis can be considered as a preprocessing step (Figure 2). In simple terms, pre-processing is needed to
convert raw data into usable variables for the multivariate analysis and to
reduce any systematic variation in the samples. The first step in Figure 2 is
aimed at reducing variation in the x-axis (e.g. chemical shift, retention times
and m/z) and ensure that an identified metabolite/feature corresponds to the
same metabolite/feature over all samples. For the NMR data [I, II], narrow
spectra segments (‘bins’) were generated. For the LC-MS data [III, IV], each
chromatographic peak was linked to its response by creating ‘features’ (a
unique mass at a specific retention time). The normalization step focuses on
reducing the systematic variation in the acquired intensities (the y-axis), which
can differ due to, for example, instrumental imperfection or extraction yields.
It is important that each metabolite, regardless of abundance, has a similar
impact on the statistical models, so each feature is scaled. Pareto scaling has
been used in all papers in this thesis, Figure 2. There are currently a number
of different pre-processing procedures for NMR and LC-MS, all with benefits
and disadvantages [27,45–49].
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Figure 2. A general workflow for the data analysis in this thesis.

Multivariate and univariate analysis
After pre-processing, bins or features were analyzed and interpreted by
multivariate data analysis (Figure 2). Principal component analysis (PCA) and
partial least squares analysis (PLS) are by far the most popular unsupervised
and supervised models in the metabolomics community. In this thesis, PCA
has been used [I-IV] to extract and display systematic variation in the data to
provide an overview of the data [50]. The PLS models [I-IV], where all
variance unrelated to the predefined y-variable (e.g. dose group, paper I) is
filtered out, have been used to locate specific x-variables (bins or features)
that contribute to group classifications. As PLS models are powerful tools for
locating x-variables with high impact on the predictive components, there are
risks of overfitting the model and locating random associations that fit the
correlation at hand. Univariate models have been used in all four papers [IIV] to visually demonstrate (biological) difference. Furthermore, as the
univariate analysis has been performed by excluding a vast number of
variables and manually reintegrating the metabolites that contribute to group
separation, this could also be seen as a validation step.
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Metabolite identification
After important bins or features have been extracted by the
multivariate/univariate analysis, the underlying metabolite needs to be
identified (Figure 2). Even though thousands of metabolites have been
identified in the past two decades, metabolite identification is still considered
a major bottleneck in metabolomics. In this thesis [I-IV], metabolites have
been primarily identified using the Human Metabolome Database [51] and the
Metlin database [52], by comparing chemical shifts, split patterns, integrals
for NMR spectra and accurate mass, MSE fragments, and isotope patterns for
MS spectra. Assignments have been done according the Metabolomics
Standards Initiative [53], and most metabolites have putative identities.

Biological interpretation
It is important to remember that metabolomics investigations are often
biological- or biochemical-driven and the primary aim is often to put the
results of an investigation into its biological context. This could be done by
the biologist or the biochemist alone, but it is important not exclude the
analytical chemist in this process. Multivariate results must be interpreted with
caution as patterns can occur due to other factors than biology, so biological
interpretation should therefore be done in close collaboration with the
principal investigator and the analytical chemist. The biological
interpretations of the studies included in this thesis were performed in close
collaboration with experts within their particular field.

Validation
If not controlled, biological and experimental variations can induce systematic
or randomized errors, resulting in erroneous biological interpretations
(Figures 1 and 2). Validation therefore aims at ensuring that each step in the
metabolomics workflow performs as intended. Each step described above has
been validated in one way or another and, below, the most important strategies
are described.
Multivariate analyses were used to systematically search for co-founders in
the study designs (gender, age, sampling, run order, etc.). Use of extraction
blanks and standards while monitoring the CV values has ensured the
reproducibility of the sample preparations. Data acquisition was evaluated by
using standards and a systematic injection of QC-samples (LC-MS) [54].
Multivariate models were primarily evaluated by cross validation, and
metabolites important for group classifications in the clinical studies were reintegrated and subjected to t-tests. All biological interpretations were
16

performed in close collaboration with experts within their particular field. The
combined expertise should be able to draw valid biological conclusions, and
the process could also be considered as a biological validation step.

17

AIM

In metabolomics, there is often a trade-off between sample throughput,
metabolite coverage and selectivity. Unfortunately, most metabolomics
methods are solely evaluated on the basis of how fast they are and how many
metabolites they acquire, even though selectivity might give a better
measurement of data quality. The aims of this thesis were to demonstrate the
importance of selectivity in metabolomics and to introduce a method for
determining selectivity in LC-MS metabolomics.
The underlying aims of each paper were to:
 Determine the initial changes of major intermediary metabolites in
rat serum following neonatal exposure to BMAA by NMR
spectroscopy-based metabolomics (I).
 Identify non-lipid metabolites that may differentiate between a diet
high in saturated (SFA) or polyunsaturated fatty acids (PUFA) (II).
 Investigate the importance of selectivity in sample preparations (IIII).
 Introduce a novel method for determining selectivity in
metabolomics (III).
 Apply the co-feature ratio for determination of the selectivity
differences regarding three chromatographic methods (IV).
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Results and discussion

Within the metabolomics community, there is no consensus on how to
evaluate and validate methods applied in the studies. To date, most protocols
have been optimized towards sample throughput and metabolite coverage,
parameters that reflect the aim to acquire as many potential biomarkers as
possible. Sample throughput and metabolite coverage could also be regarded
as simpler to evaluate (due to the large number of analytes in metabolomics)
than common bioanalytical validation parameters, such as accuracy,
selectivity and linearity. From an analytical perspective, this is a concern, as
there is often a trade-off between sample throughput, metabolite coverage and
selectivity, which could ultimately be reflected in the quality of the data. Poor
selectivity could potentially affect both the linearity and the accuracy,
resulting in concealed or induced variations that could, in the worst-case
scenario, affect the biological output of the metabolomics investigation in
question [55,56].
From a quality assurance perspective, a detection technique with an
absolute selectivity capable of measuring each metabolite individually
without interference would be preferable in metabolomics. Unfortunately,
there are no such techniques, and both NMR and MS are prone to suffer when
selectivity is insufficient. It is therefore surprising that few researchers in the
interdisciplinary field of metabolomics strive towards maximizing selectivity.
This could be because, to the author’s knowledge, there are no good methods
for measuring selectivity in metabolomics.
This thesis is based on four papers, each of which considers aspects of
selectivity. Papers I and II discuss the importance of reducing the influence
of macromolecules in NMR metabolomics; paper III introduces the novel cofeature ratio usable for evaluating selectivity in LC-MS based metabolomics;
and paper IV demonstrates how the co-feature ratio could be used for
evaluation of chromatographic methods.

Selectivity aspects of sample preparation
Sample preparations in metabolomics are generally optimized towards being
as unselective as possible. Generic methods such as dilution or precipitation
are therefore often preferred over more selective procedures like SPE or LLE.
However, using unselective methods can have drastic consequence where
19

matrix components might disturb the analysis for a broad set of analytes.
Biological samples (e.g. cell extracts, urine or plasma) are very complex, and
contain both low and high concentrations of interfering components such as
proteins, inorganic salts and lipids.
In NMR metabolomics, salts and macro-molecules from the sample matrix
can cause problems with baseline distortion and variation in the chemical
shifts [57]. In papers I and II, lipids and proteins were physically removed
through a precipitation step instead of the well-known Carr-Purcell-MeiboomGill (CPMG) pulse sequence, where the background is removed through
spectral filtering, utilizing the differences in relaxation times between large
and small molecules [58].
During the method development stage, sample precipitation with ACN had
proved highly reproducible while inducing the selectivity for a number of
metabolites, e.g. ketone bodies and branched chained amino acids (BCAA),
compared to using the CPMG pulse (Figure 3). A precipitation step might also
improve the quantitative signal for metabolites known to bind to proteins, e.g.
ketone bodies, as these substances might have shorter relaxation times than
expected, due to the binding [59]. The CPMG pulse would have been a more
time-efficient approach, as no sample preparation is needed. However, as both
ketone bodies and BCAA have been reported to correlate with insulin
resistance [60–62], these metabolites were considered important in paper II.
Figure 3 also shows that saturated and unsaturated protons in the carbon chains
have different chemical shifts, meaning that a procedure including lipids
might have missed the effects on small molecules in favor of the differences
in the administered lipids types in paper II. It is also important to stress that
there was a greater risk that the signals from lipids and proteins would
considerably overlap both the signals from ketone bodies and the essential
amino acids (Figure 3). For these reasons, a method with efficient removal of
lipids and proteins was prioritized, and the use of a general metabolomics
protocol using the CPMG pulse [58] was considered unwise. In addition, the
introduced re-solvation step might have led to a homogenization of the
samples (pH and ion strength) and thereby improve the reproducibility in
comparison to the simple dilution commonly applied when using the CPMG
pulse.
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Figure 3. Differences in selectivity using sample preparation or the CPMG pulse
sequence [unpublished data].

Matrix components such as inorganic salts, lipids and proteins may also
disturb the analysis in LC-MS metabolomics [10,11,63]. However due to the
complexity and multidimensional aspects of LC-MS data, visual comparisons
like the one in Figure 3, might not be the most suitable way of comparing
selectivity differences of LC-MS methods. Therefore, a novel numerical
method for measuring selectivity was introduced in paper III to enable
comparisons between sample preparations for LC-MS metabolomics. By
dividing the intensity of each feature with the total intensity of its neighboring
features (± 5s retention window), a ratio referred to as the co-feature ratio was
obtained (Figure 4).
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Figure 4. Ion-chromatograms illustrating the concept of the co-feature ratio [III].
The co-feature ratio (CFR) is calculated by dividing the intensity of a feature by the
summarized total intensity of the co-eluting features (co-features). Features with an
intensity apex within ± 5s of the selected feature’s apex are considered co-features.
The ion chromatogram for an [M-H]- ion (black, solid line) and the ion
chromatograms of five co-feature ions [adducts and co-eluting molecules] (grey,
dashed lines) are illustrated in the figure.

The co-feature ratio is affected by the amount of co-elution as well as the
isotope pattern, the adduct formation and the in-source fragmentation. The cofeature ratio could therefore be considered as a measurement of the combined
chromatographic and the MS signal selectivity. A co-feature ratio value close
to 1 is therefore indicative of high chromatographic and signal selectivity
while a low ratio is due to poor chromatographic and/or signal selectivity.
The novel co-feature ratio was used in paper III to compare the selectivity
of four extraction procedures. Large differences between the preparation
methods were observed and several metabolites showed a biased quantitative
signal due to poor chromatographic selectivity (e.g. due to co-elution) and/or
poor signal selectivity (e.g. differences in adduct formation and in-source
fragmentation during ionization). Tryptophan was one of the metabolites with
the biggest difference in co-feature ratio between the four extraction
procedures. This difference could be related to the amount of co-eluting
sodium formate. The concentration of sodium was higher in the polar fractions
(dilution and LLE-Aq) compared to the nonpolar fractions (SPE and LLEorg). The consequences for the intensities are shown in Figure 5. An overall
22

improved selectivity, without a drastic loss of features, was acquired when
using LLE-Aq compared with a simple dilution [III]. It could therefore be
argued that improved selectivity can be obtained without loss of coverage.
Increased selectivity through a proper choice of the sample preparation may
reduce the false positive and false negative discovery rate, thereby increasing
the validity of any metabolomics investigation.

Fig. 5. Illustrations of ion suppression effects on L-tryptophan [III]. The left
diagram shows extracted ion chromatograms for L-tryptophan (solid, black line) and
one co-eluting feature (dashed, grey line) in DDI (A) and LLE-org (B) (see sample
preparation section 2.8). The right diagram (C) shows the intensity of L-tryptophan
in all samples by run order.

Selectivity aspects of liquid chromatography
It is often stated that one of the most positive aspects of a separation step in
LC-MS metabolomics, compared to NMR or direct infusion MS, is the
improved selectivity. It is therefore interesting that there are very few
metabolomics investigations evaluating the chromatographic systems in terms
of their selectivity performance [64]. In paper IV, the co-feature ratio
approach was used to evaluate three HILIC stationary phases (amide, bare
silica and sufobetaine) for analyses of blood plasma, urine and cell extracts.
The multivariate analysis of the co-feature ratios demonstrated two clear
trends. The first, illustrated in Figure 6A, related to the sample types. This
trend was expected, as both type, number and quantity of metabolites normally
differs between these types of samples, as shown in Figure 6C. The second
trend, illustrated in Figure 6B, related to column type.
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Figure 6. Overview of the trends relating to sample and column type [IV]. (A)
Principal components 1 and 2 showed a clear trend based on sample type: cell extracts
(black), blood plasma (white) and urine (grey). (B) Principal components 3 and 4 on
the other hand separate the data based on column type: bare silica (■), amide (▲) and
sulfobetaine (●). (C) Total ion current chromatograms of cell extracts, urine and blood
plasma separated on the amide column. PCA models and TICs derive from the
positive ionization.

In the study, the stationary phases had been selected based on their orthogonal
properties (neutral, charged and zwitterion). It can be assumed that they would
cause a large retention difference, which should have a great impact on the
selectivity and the observed co-feature ratios. Most of the metabolites
exhibiting the most distinct differences in co-feature ratios between the three
stationary phases did co-elute with either of the three matrix components:
inorganic salt, glycerophospholipids or polyethylene glycols (PEGs). In many
cases, metabolites co-eluting with either of these matrix components showed
changes in ionization efficiency and/or adduct formation, influencing their
quantitative signals. Propionyl carnitine, Figure 7, illustrates the drastic
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consequence that can occur when a metabolite co-elutes with an inorganic salt
cluster.

Figure 7. The effect on signal intensity and its relation to co-elution with salt
clusters [IV]. The sodium formate cluster (red) strongly suppresses the [M+H] of
propionyl carnitine (black) when a co-elution of these two occurs (top ion
chromatogram, sulfobetaine column).

Even though the consequences of co-elution with matrix components are well
reported [63,65,66], the effects are often neglected in metabolomics. This is
surprising, as matrix components such as salt clusters, e.g. salt concentrations
in human urine, can demonstrate huge inter-individual variability [67]. To
minimize such matrix effects, it is the author’s opinion that HILIC phases
displaying distinct, narrow and well-separated salt clusters, as well as a narrow
overall spread in the retention range of lipids and PEGs, should be preferred
in metabolomics, Figure 8. However, it is important to stress that column
choice should depend on the research question, as each
metabolome/metabolomics investigation is unique.
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Figure 8. Ion chromatograms presenting the overall spread in retention of
glycerophosphocholines (A) and PEGs (B) for the three HILIC columns [IV]. The ion
chromatograms of the primary fragment (184 m/z) of glycerophosphocholines and
eight PEG oligomers here illustrate the overall retention range of these compounds
over the three HILIC columns.

The co-features ratio for method evaluation in
metabolomics
As there are no golden standards or guidelines on how to perform method
evaluation in metabolomics, each research group often has its own approach
on how to evaluate and validate metabolomics methods. The predominantly
used strategies for measuring a method’s performance regarding metabolite
coverage include using a set of standards or counting the number of detected
features [68–74]. However, combining a single set of standards without any
prior knowledge of the biochemical composition of the investigated
metabolome is questionable, especially as the matrix effects are known to be
both analyte and matrix dependent [75,76]. Furthermore, counting the number
of detected features can also be disputed, as the quantity of peaks seldom
relates to the quality of the detected peaks. As an example, methods based on
feature counting will automatically favor metabolites that produce numerous
features (due to isotopes, adducts or in-source fragmentation) and disfavor
metabolites that that only produce a single feature.
There are however two other strategies of note. These strategies attempt to
ensure the quality of each feature, by either only including features that
display a linear response (often multiple dilutions of a QC-sample) [77,78] or
only including features that have been successfully annotated [21,77].
Unfortunately, these strategies either disfavor metabolites in low
concentrations or could be impractical due to the extensive data analysis.

26

A feature’s co-feature ratio, Figure 4, is affected by the amount of coelution (chromatographic selectivity), as well as the isotopic pattern, the
adduct formation, and the in-source fragmentation (MS-signal selectivity). In
a metabolomics study, acquired co-feature ratios can be used for an untargeted
evaluation of the overall selectivity between methods, for comparing the
methods’ selectivity towards a set of putatively annotated metabolites (e.g.
belonging to a specific pathway), or as a method for identifying the difference
between interfering matrix components. The co-feature ratio approach has
been successfully used for evaluating sample preparation methods [III] and
for comparing chromatographic setups [IV], Figure 9, but the author points
out that the co-feature ratio has potential to be used for selectivity evaluation
in many of the other stages generally included in metabolomics investigations.

Figure 9. Examples of steps where a co-feature ratio approach could be applicable.
The co-feature ratio approach can be used for a multivariate evaluation of a number
of steps in the metabolomics workflow, e.g. sample preparation, analytical
separation and the MS-acquisition [III, IV].

As a method’s selectivity often relates to the risk of matrix effects, one of the
more essential aspects of the co-features ratio approach is its relation to the
signal/feature quality. This aspect can be compared to counting the number of
detected features, which in some cases can be a biased evaluation parameter.
In paper IV, for example, it is demonstrated that when different salt clusters
(e.g. sodium and potassium, Figure 10) co-elute, hundreds of extract features
are formed, an unwanted side effect that would be stimulated if the number of
features alone were used as an evaluation parameter. Furthermore, neither use
of standards nor counting the number of detected features consider the
consequences of co-eluting interferences from the sample matrix. This is
critical, as each metabolome is often unique and interfering matrix
components can demonstrate huge inter-individual variability. Other positive
aspects of using the co-feature ratio approach are that standards are not
needed, the procedure does not disfavor low-abundant metabolites, and the
approach requires no extra laboratory work.
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Figure 10. Specific m/z-patterns arising when the potassium and sodium clusters coelute [IV]. When co-elution occurs, combinations of salt clusters are formed,
containing both sodium and potassium [CHOO(NaxKyCHOO)n].

The biological aspect of paper I and II
This thesis includes two metabolic profiling studies, I and II. Briefly, β-Nmethylamino-L-alanine (BMAA) has long been considered a potential health
threat because of its assumed role in neurodegenerative diseases. In paper I,
serum from rats was collected following neonatal exposure to BMAA [18]. A
non-lipid metabolomics approach identified five main metabolites important
for group classification. Integration and t-testing indicated significant altered
levels of acetate, glucose, lactate, 3-hydroxybutyrate and creatine for the
lowest-dose group (40 mg/kg of BMAA) [I]. This study is the only study so
far that has observed significant biochemical effects after a low short-term
dose of BMAA. This non-lipid NMR-based metabolomics approach could
reveal up and down regulation of metabolites that could be related to both
amino acids and energy metabolism.
Studies have suggested that dietary fat composition could play a key role
in ectopic fat deposition. In paper II, plasma was collected from 39 individuals
who had been overfed for seven weeks with muffins containing saturated
(SFA) or polyunsaturated fatty acids (PUFA) [19]. Acquired metabolomics
data suggested that several metabolites were significantly different (p˂0.1)
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between the two diet groups. The PUFA group showed higher levels of lactate
and lower levels of acetate and 3-hydroxybutyrate compared to the SFA
group. Three fat depots (liver fat, total body fat, and VAT) showed similar
correlation to ketone bodies, lactate, alanine, and the branched amino acids.
For lean tissue, a reverse relationship (decreasing levels with increase in lean
tissue mass) was found for the above metabolites [II]. Using a non-lipid
NMR-based metabolomics approach allowed us to demonstrate that SFA and
PUFA have different effects on the intermediary metabolism during
hypercaloric conditions. These changes in metabolic profile might reflect a
depot-specific fat storage and insulin resistance, something that needs further
investigation.
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Conclusions

One of the most difficult and critical aspects in metabolomics is to acquire a
representative biochemical presentation of the metabolome. This relates both
to the complexity of the metabolome and the fact that each step in the
metabolomics workflow has multiple options that, in one way or another, will
affect the outcome. Strategies and tools for comparing and evaluating
analytical procedures in metabolomics are therefore needed to enable
selection of the most suitable method. One important evaluation parameter
often overlooked in metabolomics is selectivity, often in favor of other
parameters such as metabolite coverage and sample throughput.
By comparing different sample preparations and using different HILIC
stationary phases, this thesis demonstrates the importance of acquiring
sufficient selectivity in NMR and LC-MS metabolomics. In many cases, poor
selectivity affected the observed signal intensity where, for example, lipids
and proteins produced broad and abundant peaks in NMR and causing matrix
effects in MS. Both scenarios resulted in affected quantitative signals for a
broad set of metabolites. This is critical in metabolomics, as matrix
components such as proteins, inorganic salt, and lipids can show great interindividual variability, with drastic consequences for a metabolomics
investigation.
This thesis introduces a novel and straightforward method for obtaining a
measurement of the combined chromatographic (i.e. amount of co-elution)
and signal selectivity (e.g. adduct formation). The procedure, referred to as
the co-feature ratio, can in an untargeted manner evaluate the selectivity for
LC-MS metabolomics procedures and potentially identify metabolites that
experience matrix-associated effects. The co-feature ratio approach has been
used to study selectivity by applying different sample preparation and
chromatographic methods.
As each metabolomics investigation is unique and the matrix effects relate
to the sample composition, generic methods should be avoided to ensure that
results are valid. Each step in the metabolomics workflow should be optimized
to the specific research question, and selectivity should be an important
optimization parameter to ensure valid results in metabolomics. Improved
selectivity could reduce the risks of accounting matrix effects, thereby
improving the overall quality and validity of metabolomics investigations.
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Populärvetenskaplig sammanfattning

En människas metabolom består av en rad olika småmolekyler, s.k.
metaboliter. Exempel på metaboliter kan vara aminosyror, vitaminer och
sockerarter. Sammansättningen av en människas metabolom påverkas dels av
det genetiska arvet, men också av allt en kropp kan tänkas utsättas för såsom
mat, dryck, gifter och sjukdomar. Genom att studera förändringar i
metabolomet, s.k. metabolomik, kan man få en uppfattning om vad som
försiggår i kroppen. Informationen från en metabolomikstudie kan således
användas för att till exempel försöka förstå mekanismen bakom en sjukdom
eller för att få en inblick i hur en viss kost påverkar kroppen. För att öka
chansen att upptäcka en eventuell förändring i metabolomet har de flesta
mätmetoder inom metabolomik utvecklats för att kunna bestämma så många
metaboliter som möjligt. Tyvärr har denna prioritering oftast gjorts utan
reflektion över vilken kvalité varje enskild metabolit mäts med.
Selektivitet är en parameter som är av stor vikt när det kommer till mätkvalitet.
Selektivitet skulle kunna liknas vid ett mått på andelen störande ämnen
(interferenser) vid bestämning av en metabolit. Trots denna viktiga aspekt
negligeras oftast selektivitet inom metabolomikforskning. Problematiken med
att åsidosätta selektivitet skulle kunna liknas vid att man var ute efter att väga
en gammelgädda i en sjö, men att man inte reflekterar över att man vid
invägningen av gäddan samtidigt har en brax eller mört på vågen. Denna
avhandling avser att belysa betydelsen av selektivitet samt att utveckla en
metod för att kunna mäta selektivitet i metabolomik.
För att minimera effekten av interferenser på mätningen av metaboliter är det
brukligt att prover förbehandlas innan själva mätningen utförs. Eftersom de
flesta metabolomikmetoder har utvecklats för att detektera så många
metaboliter som möjligt används oftast väldigt generella förbehandlingar av
provet. Det leder till att en förhållandevis stor andel av interferenser är kvar i
provet vid mätning. I avhandlingen studeras flera olika förberedelsertekniker
och dess effekt på selektivitet. Genomgående upptäcktes en rad interferenser
störa bestämningen av metaboliter som ett resultat av en alltför dålig
selektivitet. Denna effekt kan ha stor betydelse i en metabolomikstudie då en
observerad mätförändring hos en molekyl de facto kan vara en sekundär effekt
av en förändring i en interferens. Till exempel visade det sig att salthalten i
proverna hade stor inverkan på mätningarna och effekten har visats kunna ge
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en upp till 30 ggr förändring i respons hos metaboliter. Detta kan i en
metabolomikstudie vara förödande då det sedan länge är känt att salthalten i
t.ex. urin tenderar att fluktuera både mellan individer och tid på dygnet.
En metabolomikstudie består av en rad steg där följande oftast är inkluderade:
generering av prover, provupparbetning, mätning, dataanalys och tolkning av
resultat. Varje steg i flödet kan utföras på olika sätt, vilket i sin tur kommer att
ha mer eller mindre påverkan på metabolitpresentationen av metabolomet.
Därför behövs det bra tillvägagångsätt för att kunna utvärdera olika metoder
för varje enskilt steg. I avhandlingen presenteras ett nytt och unikt
tillvägagångsätt för att bestämma selektivitet i metabolomikstudier.
Tillvägagångsättet går ut på att det för varje enskild metabolit beräknas en
kvot som anger hur stor andel den aktuella metabolitens respons utgör av den
totala responsen vid just den mätningen (dvs. en fisks viktsandel av den totala
vikten på vågen). Ett värde på 1 betyder hög selektivitet då det bara är en
metabolit som mäts vid just den tidpunkten. Vid ett värde nära 0 så gäller det
omvända och metaboliten i fråga mäts uppenbarligen med en väldigt låg
selektivitet. Detta värde skulle därmed kunna liknas vid ett mått på hur hög
kvalitet varje enskild metabolit kan mätas med. Tillvägagångsättet kan därför
vara användbart vid jämförelser mellan metoder och hjälpa till att välja den
mest lämpliga.
Eftersom varje metabolomikstudie oftast är unik kan man anta att
interferenserna i stor utsträckning också är unika. Det är därför författarens
uppfattning att generiska metoder bör undvikas och varje steg i
metabolomikflödet bör optimeras med avseende på nyckelmetaboliter och
förväntade interferenser i det studerade provet. Selektivitet bör betraktas som
en viktig parameter i metabolomikstudier eftersom dess länk till mätkvalitet
är tydligare än när man t.ex. mäter antalet detekterbara metaboliter. En allmänt
förbättrad selektivitet inom metabolomikfältet bör leda till ökad kvalitet inom
fältet. Detta skulle kunna leda till att färre falska positiva/negativa resultat
genereras vilket i sin tur skulle spara både tid och resurser.
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