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Figure A3. Absolute amounts in nmol of amino acids after acidic hydrolysis of the pellet containing 1
(N =3),5(N=3),10 (N =3) and 15 (N = 2) multicellular tumor spheroids. The pellets are resulting from
the high molecular fraction of the boiling ethanol extraction and centrifugation. Amino acid amounts
from the proteins show a strong linear correlation with the number of spheroids in the sample.
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Table S2. Summary of the experiment comparing the different sample preparation strategies with three
washing steps vs. single washing on the plate and boiling ethanol vs. cold methanol extraction. Summary of the
absolute amounts of selected metabolites. Individual absolute amounts in samples.

Table S3. Summary of the proof of principle experiment with metallodrugs. Absolute amounts of metabolites
in samples and RSDs. Absolute amounts of metabolites normalized to total protein content and RSDs. Absolute
amounts of metabolites normalized to total protein content with missing value imputation. Absolute amounts of
metabolites normalized to total protein content with missing value imputation and autoscaling. Total protein
content in the samples. KEGG pathways affected by Oxaliplatin treatment. KEGG pathways affected by KP1339
treatment. Significant compounds (p < 0.05) based on oxaliplatin treatment. Significant compounds (p < 0.05)
based on KP1339 treatment.
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Figure A4. Swarm and violinplot of total protein content [pg] in single 3D MTS cultures (10 X 103 cells
seeded, 8 days cultivation diameter 790 + 22 um at time of treatment) after 24 h of incubation with
200 uM KP1339, 20 uM Oxaliplatin, growth medium (CntrlOxPt), growth medium with 0.5% DMSO
(CntrlKP1339). Protein content is determined by the Thermo micro BCA kit from the high molecular
fraction in the pellet.

Scores Plot
® CntrliKP1339
® CnitrlOxPt
® KP1339
® OxPt
@
w
o0 .
o ° ©
o
@ o)
F oo @
a
Z @
o~
g (¢]
. .
o e ©°©
o
ER
T T T T T T
10 5 0 5 10 15
PC1(42.8%)

Figure A5. PCA scores plot of absolute amounts of metabolites normalized to protein content of
samples from single 3D MTS. Spheroids were treated for 24 h with either 200 uM KP1339, 20 uM
Oxaliplatin (OxPt), medium (CntrlOxPt) or medium with 0.5% DMSO (CntrlKP1339). Extraction with
cold methanol and internal standardization, measurement by HILIC high-resolution Orbitrap MS.
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Abstract: A gas chromatography mass spectrometry (GC-MS) metabolomics protocol was modified
for quenching, harvesting, and extraction of metabolites from adherent cells grown under high (20%)
fetal calf serum conditions. The reproducibility of using either 50% or 80% methanol for quenching of
cells was compared for sample harvest. To investigate the efficiency and reproducibility of intracellular
metabolite extraction, different volumes and ratios of chloroform were tested. Additionally, we
compared the use of total protein amount versus cell mass as normalization parameters. We
demonstrate that the method involving 50% methanol as quenching buffer followed by an extraction
step using an equal ratio of methanol:chloroform:water (1:1:1, v/t/v) followed by the collection of 6 mL
polar phase for GC-MS measurement was superior to the other methods tested. Especially for large
sample sets, its comparative ease of measurement leads us to recommend normalization to protein
amount for the investigation of intracellular metabolites of adherent human cells grown under high
(or standard) fetal calf serum conditions. To avoid bias, care should be taken beforehand to ensure
that the ratio of total protein to cell number are consistent among the groups tested. For this reason,
it may not be suitable where culture conditions or cell types have very different protein outputs
(e.g., hypoxia vs. normoxia). The full modified protocol is available in the Supplementary Materials.

Keywords: GC-MS; 20% FCS; harvesting; extraction; metabolites; normalization

1. Introduction

Reproducibility and robustness when performing metabolomics experiments are essential to
guarantee that resulting biological information is both accurate and meaningful, and to reduce the
likelihood of false discovery due to technical variation [1]. Cell cultures are often used as models
for testing biological concepts. Therefore, an optimized and standardized protocol for efficient
quenching, harvesting, and extraction of cells is required. There are many studies focusing on sample

Metabolites 2020, 10, 2; doi:10.3390/metabo10010002 101 www.mdpi.com/journal/metabolites
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preparation methods, and many cell-dependent methods have been optimized for the application of
cell metabolomics for analyzing metabolic fingerprints [2-10]. However, no preparation method is
broadly applicable for all cell types or cultivation conditions. We had previously discovered that, in our
hands, certain cell extraction methods were inappropriate for the cell types we were using, typically
because they did not adequately separate the protein layer from the solvents. This was assumed to be
a result of inappropriate volumes and ratios of the solvents to adequately extract the cell lipid content.

To prepare cells for metabolomics analyses, quenching at the point of harvesting aims to inactivate
intracellular enzymes and stop metabolism to avoid degradation and alterations of sample composition.
Sample preparation should be highly reproducible, robust, and fast to allow high-throughput studies [5].
As is known, metabolic reactions occur in milliseconds [11]. Therefore, it is necessary to quench
metabolism quickly, most often by using ice-cold organic solvents. After the quenching and harvesting
step, metabolite extraction is crucial and often the rate-limiting step. Extraction is the process by
which specific compounds, or whole classes of compounds, e.g., polar metabolites are selectively
separated from others (e.g., lipids, proteins) and is normally conducted to yield cleaner sample
preparations for analysis. There has been much discussions over which extraction solvents are the best
for quenching and measurement of metabolites [12]. Biphasic, liquid-liquid extraction is often used
to extract metabolites, typically based on Folch or Bligh-Dyer methods [13-15]. Polar solutions like
methanol (MeOH) in water (H,O) are often paired with nonpolar organic solvents, such as chloroform
(CHCly), to form a two-phase system. The chemical properties, volumes, and solvent ratios of the
organic and aqueous solvents must be considered carefully. These parameters can significantly affect
the extraction efficiency of metabolites and the experimental reproducibility.

Fetal calf serum (FCS) contains a large number of nutritional and macromolecular factors such as
amino acids, sugars, lipids, and hormones essential for cell culture growth. For most cell lines, 10% FCS
is used; however, some primary cells, such as human umbilical vein endothelial cells (HUVECs), need
to be cultured in higher FCS conditions (e.g., medium with 20% FCS) [16-22]. To our knowledge, there
have been no reports to date documenting the robustness and efficiency of harvesting and extraction
protocols for metabolic profiling of adherent cells grown under high FCS conditions. Ideally, this would
be undertaken using a full design-of-experiments approach investigating and fully testing multiple
parameters to optimize the method. However, due to limitations in both resources and numbers
of primary cell cultures, an incremental optimization approach can be taken to reach a predefined
reproducibility and metabolite detection threshold. This approach enables an early exclusion of
conditions that do not fit one’s criteria, therefore making the most out of the material available.

Therefore, the aim of this study was to compare and enhance our existing protocol for a reliable
and reproducible harvesting and extraction of adherent cells grown in media supplemented with
20% FCS. As a comparison, standard cell culture conditions (10% FCS) were also investigated. All
analyses were conducted by gas chromatography-mass spectrometry (GC-MS). The use of either 50%
or 80% MeOH for quenching of cells were compared for sample harvest. In addition, two different
ratios and three different final volumes of MeOH to CHCl;3 to H,O were compared to investigate the
efficiency and reproducibility of intracellular metabolite extraction. To achieve robust normalization of
the samples, total protein amount versus absolute cell mass was tested.

2. Results

2.1. Preliminary Experiments on Phase Separation

A previous protocol used in our lab for adherent cells growing under 10% FCS was a modified
Bligh-Dyer extraction to separate lipid and polar metabolites [23,24]. The protocol includes the use
of 50% MeOH for cell quenching followed by an extraction using a 1:0.4:1, v/v/v MeOH:CHCl3:H,O
ratio. Routinely, 3 mL of the polar phase is collected and used for further GC-MS measurement. For
HUVECs cultured under conditions of 20% FCS, we discovered that this protocol was not sufficient
to properly extract the cells. We discovered a fluffy protein pellet rather than the compacted, well
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demarcated protein pellet we normally achieve. This had consequences for the reproducibility of the
measured total protein amount resulting in a relative standard deviation (RSD) for HUVECs of over
25% (European Medicine Agency (EMA) recommendation is RSD < 15%, http://www.ema.europa.eu/).
To check this was not a cell-specific effect, the HCT116 colorectal carcinoma cell line was cultured and
extracted in an identical way. Results were similar for the HCT116 cells with total protein RSDs also
over 25% for high and standard FCS conditions, as seen in Table 1 and Figure 1 50_LOW. This suggests
that extraction may not be complete and thus the technical reproducibility was larger than necessary.
This prompted us to look at the entire process of harvesting and extraction.

In our study, four different extraction conditions were tested. The four conditions can be
summarized here as: (1) 50_LOW: 50% MeOH quenching solution with 1 mL of CHClj; for extraction
with a final ratio of 1:0.4:1 (MeOH:CHCl3:H,0) and collection of 3 mL polar phase for analysis;
(2) 50_MEDIUM: 50% MeOH quenching solution with 2.5 mL of CHClj for extraction with a final ratio
of 1:1:1 (MeOH:CHCl3:H;0) and collection of 3 mL polar phase for analysis; (3) 80_HIGH: 80% MeOH
quenching solution with 4 mL of CHCl; for extraction with a final ratio of 1:1:1 (MeOH:CHCl3:H,O)
and collection of 6 mL polar phase for analysis; and (4) 50_HIGH: 50% MeOH quenching solution with
4 mL of CHClj for extraction with a final ratio of 1:1:1 (MeOH:CHCl3:H,O) and collection of 6 mL
polar phase for analysis.

HCTI116
10% FCS 20% FCS

50 LOW 50 MEDIUM 50 HIGH 80 HIGH 50 LOW 50 MEDIUM 50 HIGH 80 HIGH

Figure 1. Extraction of HCT116 cells cultured in 10% and 20% fetal calf serum (FCS) conditions using
different quenching solvents, extraction ratios, and polar volumes (protein layer shown by extra arrow
on picture).

Table 1. Relative standard deviation (RSD) of measured protein amount of HCT116 cells cultured in
10% and 20% FCS conditions using different quenching solvents, extraction ratios, and polar volumes.

Condition Name 50_LOW 50_MEDIUM 50_HIGH 80_HIGH
Biological replicates 10% FCS 4 3 4 5
Biological replicates 20% FCS 5 3 4 4

HCT116 (10% FCS) 51 20 14 13
HCT116 (20% FCS) 30 42 16 8
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2.2. Experiment 1: Determining the Optimum Concentration of MeOH as a Quenching and Extraction
Solution for Cell Harvesting

The quenching solution used is important as it has a dual function of being the first extraction step
and being required to quench metabolism quickly. Many reports suggest 80% MeOH for metabolite
quenching and extraction [7,25,26]; our current protocol uses 50% MeOH (50_LOW). Therefore, both
50% and 80% MeOH solutions were tested as quenching and extraction buffers for harvesting of
adherent cells cultured in 10% and 20% FCS. The modified Bligh-Dyer extraction step which follows
the quenching step will influence the results. In a first test, we used the same volume of 1 mL CHCl3
for the extraction step (as used in our current protocol) and observed that for 80% MeOH, no phase
separation occurred, as seen in Figure S1. This is assumed to be due to the relative ratios of CHCl; and
to polar solvents. Increasing the ratio of MeOH:CHCl3:H,O to 1:1:1 v/v/o resulted in a phase separation.
In order to keep the ratio of the final solvent composition constant, the extracted volumes of H,O and
MeOH needed to be adjusted accordingly to account for whether 50% or 80% MeOH was used in the
first extraction step.

The performance of individual quenching solvents was determined by a range of measures
including (i) number of detected metabolites, (ii) median RSD of all detected metabolites (a measure
of reproducibility), (iii) the percentage of metabolites with an individual RSD < 30% (a generally
accepted tolerance limit for GC-MS metabolomics for any individual metabolite [27]), and (iv) the sum
of normalized peak area for all annotated metabolites (henceforth referred to as sum of area), a proxy
measure of the overall sensitivity of the method.

In the HCT116 cells, the conditions were equivalent in terms of number of metabolites detected,
as seen in Figure S2, except for the detection of fructose-6-phosphate, when 80% MeOH was used with
10% culture conditions, as seen in Table S1, comparing 50_HIGH and 80_HIGH. For the HUVECs, a
lower number of metabolites was found, as seen in Table S2 and Figure S2; 34 metabolites for 50_HIGH
and 36 for 80_HIGH. We assume this lower number of metabolites is due to the generally lower average
cell count achieved by the HUVECs (mean cell counts: male HUVECs: 1.5 X 10° cells; female HUVECs:
3 X 10° cells; HCT116: 6 x 10° cells). The metabolites detected also had some very minor differences
(e.g., proline was only detected in 50_HIGH and tyrosine, uracil, and ribose-5-phosphate were only
detected in 80_HIGH).

The reproducibility of both quenching solvents was then assessed using RSDs as an indicator.
For HCT116 cells and HUVECs in both culture conditions, 50% MeOH performed better overall as a
quenching solvent compared to 80% MeOH, comparing 50_HIGH and 80_HIGH in Table 2, Table 3,
Figure 2, Table S1, Table S2, Table S3, Table S4, and Figure S3. In HCT116 cells 50_HIGH has a lower
median RSD compared to 80_HIGH (14% compared to 23%, and 26% compared to 30%, for 10% FCS
and 20% FCS, respectively). In addition, there was a higher percentage of individual metabolites with
RSD < 30% in the 50_HIGH (79% compared to 67%, and 73% compared to 53%, for 10% FCS and 20%
FCS, respectively). In line, the sum of the area was higher in 50_HIGH compared to 80_HIGH for both
FCS culture conditions (Figure 3; 74 compared to 56, and 35 compared to 26, for 10% FCS and 20%
FCS, respectively). In HUVECs, the median RSD was lower in 50_HIGH (13%) compared to 80_HIGH
conditions (36%), with a higher percentage of individual metabolite with RSDs < 30% (74% 50_HIGH
compared to 44% 80_HIGH). The measured sum of area for HUVECs was also better for 50_HIGH (3.8
compared to 3.2) According to these results, 50% MeOH was deemed to be a better quenching solvent
for both types of cells. However, for particular metabolites, 80% MeOH may be more appropriate.
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Table 2. Median relative standard deviation (RSD) per metabolite of HCT116 cells cultured in 10% and
20% FCS conditions using different quenching solvents, extraction ratios, and polar volumes.

Condition Name 50_LOW 50_MEDIUM 50_HIGH 80_HIGH
Biological replicates 10% FCS 4 3 4 5
Biological replicates 20% FCS 5 3 4 4

HCT116 (10% FCS) 68% 22% 14% 23%
HCT116 (20% FCS) 33% 55% 26% 30%

Table 3. Percentage of metabolites with a relative standard deviation (RSD) < 30% of HCT116 cells
cultured in 10% and 20% FCS conditions using different quenching solvents, extraction ratios, and
polar volumes.

Condition Name 50_LOW 50_MEDIUM 50_HIGH 80_HIGH
Biological replicates 10% FCS 4 3 4 5
Biological replicates 20% FCS 5 3 4 4

HCT116 (10% FCS) 0% 73% 79% 67%
HCT116 (20% FCS) 15% 3% 73% 53%
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Figure 2. Median relative standard deviation (RSD) of individual metabolites separated by biological
metabolite pathways of HCT116 cells cultured in 10% and 20% FCS conditions using different quenching
solvents, extraction ratios, and polar volumes. The dashed line represents the maximum 30% RSD
threshold advised by the Federal Drug Administration (FDA). AA: Amino acids. PPP: Pentose
phosphate pathway. TCA: Tricarboxylic acid cycle.
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Figure 3. Comparison of the mean of sum of normalized peak area for different quenching and
extraction methods. Data from a minimum three out of five HCT116 cells cultured in (a) 10% and
(b) 20% FCS. The error bars represent the standard deviation of the biological replicates. Samples were
analyzed using an unpaired Student’s -test with p < 0.05 deemed as statistically significant.

2.3. Experiment 2: Determination of the Optimal Volume and Ratio of MeOH:CHClI3:H,O for a Metabolite
Extraction Solution

The ratio of MeOH:CHCl3:H,0 is important for: (i) the efficiency and reproducibility of extraction;
(ii) a clear phase separation; and (iii) a robust method for protein collection for normalization or
for concurrent proteomics (see Section 2.1). Different ratios, final volumes, and polar phase volume
collection for extraction were evaluated, as seen in Table 4. This step was carried out before 50_HIGH
was deemed to be optimum for quenching, but, for convenience, is presented here in the same order
in which it appears in the standard operating protocol. As the different extraction methods led to
different final volumes, leading to different theoretical concentrations, more volume was analyzed in
some samples to normalize and compensate for this concentration difference.

Table 4. Experimental set up for the conditions analyzed in the study.

Condition Name 50_LOW (&) 50_MEDIUM (4) 50_HIGH (&) 80_HIGH (4)
5 mL of MeOH harvest (2.553 02/0.5) 5 (2.55330.5) . (2.553 ozA).s) 5 (4.0%%.0) *
MeOH [mL] for extraction - - 1.5 -
H,O [mL] for extraction - - 1.5 3.0
CHCl3 [mL] for extraction 1.0 25 4.0 4.0
Final volume [mL] 6.0 7.5 12 12
Final ratio v/ 1:0.4:1 1:1:1 1:1:1 1:1:1
Final polar volume [mL] 5.0 5.0 8.0 8.0
Used polar volume [mL] 3.0 3.0 6.0 6.0

* mL of MeOH + H,O.
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The evaluation of the different ratios and volumes revealed no significant changes in either the
number of detected metabolites, as seen in Table 5, or particular metabolite classes independent of the
analyzed cells and growth conditions, as seen in Figure S2.

Table 5. Number of annotated central carbon metabolites of HCT116 cells cultured in 10% and 20%
FCS conditions using different quenching solvents, extraction ratios, and polar volumes.

Condition Name 50_LOW 50_MEDIUM 50_HIGH 80_HIGH
Biological replicates 10% FCS 4 3 4 5
Biological replicates 20% FCS 5 3 4 4

HCT116 (10% FCS) 38/45 39/45 38/45 39/45
HCT116 (20% FCS) 41/45 41/45 40/45 40/45

In HCT116 cells, the use of 50_MEDIUM compared to 50_LOW led to lower RSDs (20% compared
to 51%) for total protein measurement in cells grown under 10% FCS. HCT116 cells cultured with
20% FCS showed increased RSDs (42% compared to 30%) in the 50_MEDIUM condition, as seen in
Table 1. When using 80_HIGH conditions, the pellet was more compact, as seen in Figure 1, and easier
to extract, which is reflected in a low RSD (13% for 10% FCS and 8% for 20% FCS) of the measured
protein amount in HCT116 cells. When using 50_HIGH conditions, a compact protein pellet could
be observed, leading to a more efficient protein extraction, and resulting in RSDs (14% for 10% FCS
and 16% for 20% FCS) similar to 80_HIGH conditions. For HUVECsS, the RSD of the measured total
protein was reduced when using 80_HIGH compared to 50_MEDIUM and 50_HIGH conditions, as
seen in Table S5. 50_MEDIUM compared to 50_LOW conditions showed a lower RSD (15% compared
to 49%, respectively).

The reproducibility of GC-MS analysis as measured by the median RSD of the individual
metabolites or combined as biological pathways, and the percentage of metabolites with RSD < 30%,
revealed the best results when using 50_HIGH conditions for HCT116 cells, as seen in Table 2, Table 3
and Figure 2. Likewise, in HUVECs, the best results were shown using 50_HIGH conditions, as seen in
Table S3, Table S4 and Figure S3.

Independent of the FCS setting in HCT116 cells, the highest sum of area was found using 50_HIGH
conditions, as seen in Figure 3. For HUVECsS, the highest sum of area was found in cells in the
50_MEDIUM condition; however, the variability was high, as seen in Figure S4. Comparing 80_HIGH
and 50_HIGH conditions measured as a separate batch, a higher sum of area was found using 50%
MeOH as quenching buffer.

In summary, our results indicate that using an extraction ratio of 1:1:1, v/t/v MeOH:CHCl3:H,O and
a polar phase volume of 6 mL achieved good results for samples used for both GC-MS measurement
and protein extraction for cells grown under 10% and 20% FCS. Lower individual and combined RSDs
and higher peak areas could be detected. The direct comparison of 50% or 80% MeOH as quenching
buffer showed a higher sum of area and lower median RSDs when using 50_HIGH conditions for the
analyzed cells and FCS conditions. The number of annotated metabolites was equal across all methods.
The full modified protocol is available in the Supplementary Materials.

2.4. Experiment 3: Total Protein versus Cell Mass as a Normalization Strategy

Adherent cells need to be detached from the bottom of the cell culture flask for further metabolomics
analyses. Trypsinization is known to lead to alteration of metabolism, so we employed direct quenching
of cells with physical scraping as an alternative [5,28]. However, this complicates the utilization of
the cell count as a normalization parameter. Therefore, we compared the use of total protein amount
versus the cell mass as a normalization strategy.

After normalizing to total protein, HCT116 cells grown under 10% FCS showed a slightly lower
median RSD of 24% for individual metabolite detection compared to normalization with cell mass
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(median RSD 28%), as seen in Table 6. For HCT116 cells cultivated in 20% FCS, a median RSD of 35%
and 25%, respectively, was found if normalized to total protein or cell mass. For HUVECs, the median
RSD was lower when using protein (52%) for normalization compared to cell mass (61%), as seen
in Table S6. The percentage of individual metabolite RSDs < 30% threshold was higher when using
total protein (26%) compared to cell mass (18%) for normalization. Judging from Table 6 and Table S6,
neither of the normalization methods was superior. However, total protein was considerably easier
to measure.

Table 6. Median relative standard deviation (RSD) and percentage of metabolites with a RSD < 30%
from four replicates of HCT116 cells cultured in 10% and 20% FCS conditions.

HCT116 (10% FCS) HCT116 (20% FCS)
Cell Mass Protein Cell Mass Protein
Median RSD [%] 28 24 25 35
RSD < 30% [%] 55 60 60 33

3. Discussion

Metabolomics has long been used for the analysis of human body fluids for clinical
indications [29,30]. More recently, it is also being applied to cells or tissue [30]. Metabolite profiling
of adherent growing mammalian cells is challenging, particularly due to the special requirements
with respect to the sampling procedure. While harvesting of suspension cultures can generally be
achieved through rapid centrifugation, the adherent cells first need to be detached from the bottom
of the cell culture flask [30]. With a large number of metabolites to be analyzed simultaneously, it
becomes difficult to find a single optimal extraction method. In this work, we set out to solve a
particular challenge, which was the visible suboptimal extraction of cells grown under high (20%) FCS
conditions. We focused on optimizing a liquid-liquid extraction protocol for the harvest and extraction
of cells grown both under high (20%) or normal (10%) FCS conditions to enable reproducible and
robust analysis of the detected metabolites. We compared our existing protocol using 50% MeOH
to 80% MeOH as a quenching buffer, followed by an extraction using different ratios and volumes
of CHCI3 and polar phases. Environmental and personal safety should also be considered and has
resulted in a move away from CHCl3 towards other nonorganic solvents such as methyl-tert-butylether
(MTBE) in recent years [31]. MTBE is both highly volatile and floats on the surface of the resulting
biphasic mixture. As we were interested in analyzing only the polar metabolites in this study, it was
excluded from the test solvents. We also looked at whether cell mass or total protein represented a
better normalization strategy, since cell count cannot easily be used for adherent cells harvested for a
metabolomics approach [32].

Direct quenching of the metabolism in adherent cells needs extraction with organic solvents
such as MeOH. Various reports on the best solvent composition for metabolite extraction suggests
80% MeOH in H,O [7,26]; however, 50% MeOH is also used for metabolite extraction of adherent
cells grown under 10% FCS [23]. We tried using both 50% MeOH and 80% MeOH as quenching
buffers, followed by an extraction using different ratios and volumes of CHCl3 and polar phases in
cells cultured with 20% FCS compared to standard cell culture conditions. Using the 50_HIGH method
(50% MeOH followed by extraction using a 1:1:1, v/o/v MeOH:CHCl3:H,O ratio and collection of 6 mL
polar phase) was considered to be the best of the extraction methods we tested. Using a higher ratio of
CHClj3 and higher extraction solvent volumes gives a better phase separation and results in a dense
protein pellet allowing a robust normalization. The percentage of highly polar solutions in the final
ratio is also likely to be important for efficient extraction of polar metabolites and is reflected in the
quenching results. The results may be different if nonpolar metabolites are also considered.

Normalization methods for cell culture are often problematic. Normalization is used to eliminate
inter-run variability and biological variation [25]. Cell counts are inaccurate and are often performed
on separate culture plates to the ones that are analyzed [33]. This is labor-intensive, impractical, and
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inefficient, especially with regard to large studies. Using cell count for normalization requires cell
detachment using trypsin solutions, which can lead to metabolite leakage and changes in the metabolic
pattern [5]. Total protein or cell mass has the advantage over cell counts that they can be performed
using the same plate as that for the metabolomics analysis. One difficulty in using cell mass for
normalization is the removal of the quenching buffer after centrifugation. Remnants of the quenching
solution left in the vials will affect the final recorded cell mass, leading to more technical error. Further,
the process of weighing the samples is technically laborious. Metabolites are contained in the buffer,
meaning that it needs to be first removed for the weighing process and then re-added. This all needs to
take place as quickly as possible, while keeping the sample as cold as possible so that it has minimal
effects on reproducibility. As total protein can be measured following extraction, it can be done with
more ease, although it has the disadvantage that samples cannot then be extracted according to their
mass. They can, however, be reconstituted to equivalent concentrations before being analyzed if a
drying down step is employed immediately after extraction. We have shown in the results that the
extraction of the protein was reproducible enough to be considered an effective normalization method
when the 50_HIGH method was used. For large numbers of samples, protein extraction is easier since
the critical step of weighing and cooling is missing. Therefore, we recommend using total protein as a
potential normalization strategy. We are aware of certain cell culture conditions that reduce the protein
amount per cell. For this reason, full consideration should be given to whether the total protein is
likely to be a good reflection of cell count or cell volume before it is used. In our hands, we have seen
certain culture conditions, e.g., hypoxia, where cell protein production is not equivalent in the same
cell type as in normoxia. In these circumstances, cell protein would probably not be recommended as a
suitable normalization strategy.

In this study, we have tested and improved our existing method to enhance our reproducibility
when analyzing adherent mammalian cells cultured under 20% FCS. For a truly optimized method, a
design of experiments (DoE) approach is recommended. However, due to the difficulties of working
with large numbers of cell cultures per batch, the cost of repeated experiments and the statistical
understanding required to pursue a DoE approach, we instead chose to trial and optimize our existing
method. We are aware that this incremental optimization approach may not result in the truly optimal
method; however, it enables a faster development that limits material waste. The method is deemed to
be optimal once certain reproducibility and metabolite detection criteria are reached. This represents a
more realistic scenario for the thousands of labs required to run samples each year without the time
and resources to fully optimize methods for each sample type.

In summary, the final modified 50_HIGH quenching, extraction, and normalization method (50%
MeOH for harvest followed by extraction using a 1:1:1, v/t/v MeOH:CHCl3:H,O ratio and collection of
6 mL polar phase) can be recommended for the investigation of intracellular metabolites from adherent
human cells grown under standard (10%) or high (20%) FCS conditions using a GC-MS platform.

4. Materials and Methods

4.1. Cell Culture

Two different human cell types were used in this study. We were interested mainly in a robust
analysis of HUVEC male and female twin pair cells, but since these are human derived and therefore
in limited supply, HCT116 cells were used to enable more replicates to be tested. For the same reason,
a mix of male and female HUVECs were used.

The colorectal carcinoma cell line HCT116 was obtained from ATCC (American Type Culture
Collection, Teddington, UK). The HCT116 cell line was maintained in DMEM (Dulbecco’s Modified
Eagle Medium, Thermo Fischer Scientific, Waltham, MA, USA) supplemented with 10% or 20% FCS
(Thermo Fischer Scientific, Waltham, MA, USA), 1% penicillin/streptomycin (Thermo Fischer Scientific,
Waltham, MA, USA), 2 mM glutamine (Thermo Fischer Scientific, Waltham, MA, USA) and 1 g/L
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glucose (Sigma-Aldrich, St. Louis, MO, USA). HUVECs were isolated as previously described [17]. All
cells were incubated in a humidified atmosphere of 5% COj in air at 37 °C.

4.2. Experiment 1: Determination of the Optimum Concentration of Methanol as a Quenching and Extraction
Solution for Cell Harvesting

Cells were rapidly washed (20 s) with washing buffer (140 mM NaCl, 5 mM HEPES, pH 7.4, 37 °C)
before they were quenched by ice-cold MeOH solution. Two solutions were tested: either 5 mL of
50% or 80% MeOH in H,O with a final concentration of 2 ug/mL cinnamic acid (for use as an internal
standard). Immediately as the MeOH solution was added to the culture plate, cells were scraped
into the methanol solution and the methanolic lysates were collected. The extracts were agitated to
complete cell lysis and centrifuged to separate the layers (see Section 4.3).

4.3. Experiment 2: Determination of the Optimal Volume and Ratio of MeOH:CHCI3:H,O for a Metabolite
Extraction Solution

After cell harvest, CHCl3; was added to the methanolic cell extracts, shaken for 60 min at 4 °C, and
centrifuged at4149x g for 10 min at 4 °C to separate the phases. Both the final ratio of MeOH:CHCl3:H,O
and the final total volume was tested. Test conditions are summarized in Table 4.

The polar phase was collected and dried overnight at 30 °C at a speed of 1550x g at 0.1 mbar using
a rotational vacuum concentrator (RVC 2-33 CDplus, Christ, Osterode am Harz, Germany). Samples
were pooled after extraction and used as a quality control (QC) sample to test the technical variability
of the instrument. QC samples were prepared alongside the samples in the same way. To generate
backup samples, the dried polar phases were resuspended and split into two aliquots.

To further test whether the results of changing the ratios of MeOH:CHCl3:H,O are an effect of
the ratio or of the total volume, we investigated changing the ratios while maintaining the volume.
For the harvesting condition of 50% MeOH, a final volume of 6 mL was tested, resulting in 3 mL of
polar phase that could be collected for analysis. For the harvesting condition using 80% MeOH, a
final extraction volume of 12 mL was tested with 6 mL polar phase collected and dried for analysis.
To perform a direct comparison of the same volume we used 5 mL of 50% MeOH for cell quenching
followed by increased extraction volumes (4 mL CHCl3, additional 1.5 mL MeOH and 1.5 mL H;0)
leading to a 1:1:1, v/v/v ratio of MeOH:CHCl3:H,O. With the increased volumes, 6 mL of polar phase
could be collected and used for GC-MS measurement. The 80_LOW condition (5 mL 80% MeOH for
quenching and 1 mL of CHCI; for extraction) was discarded from the optimization tests since no phase
separation could be achieved, as seen in Figure S1.

4.4. Experiment 3: Total Protein versus Cell Mass as a Normalization Strategy

To measure cell mass, at the point immediately following quenching and harvest of the cells, the
quenched cells (50% MeOH) were centrifuged for 10 min at 10,000x g at 4 °C and the supernatant was
carefully removed and collected into a new 15 mL Falcon tube stored on ice. The cell pellet, also kept
on ice, was immediately weighed as fast as possible and the collected supernatant was added back
to it, ready for metabolite extraction. The metabolites were extracted using a high volume of CHCl3
(4 mL) as determined in the previous section. After collection of the polar phases (6 mL), proteins were
precipitated for each sample by addition of 8 mL 100% MeOH to avoid phase separation followed by
centrifugation at 16,000x g speed for 10 min. The supernatant was carefully discarded. The pellet was
air dried at room temperature and used for protein lysis and protein determination as described in
Section 4.5.

4.5. Protein Extraction and Determination

For measurement of total protein amount, the pellet was resuspended in 8 M urea buffer (in 50 mM
HEPES, pH 8.5). The protein concentration was determined using a bicinchoninic acid (BCA) assay
(Thermo Fischer Scientific, Waltham, MA, USA) following the manufacturer’s instructions. In brief,
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2 uL from each protein lysate was added to 2 uL reagent A, followed by the addition of 100 uL reagent
B. After 30 min, absorbance was read at 562 nm using an Infinite M200Pro plate reader (TECAN,
Mainnedorf, Switzerland). In order to calculate a calibration curve, a dilution series of bovine serum
albumin (BSA, 1 mg/mL to 0.05 mg/mL) was included in the measurement.

4.6. GC-MS Metabolomics Measurement of Key Central Carbon Pathway Metabolites

All polar cell extracts were stored dry at —80 °C until analysis. Extracts were removed from the
freezer and further dried in a rotational vacuum concentrator for 60 min before further processing
to ensure there was no residual water which may influence derivatization efficiency. Dried cell
extracts were dissolved in 15 uL of methoxyamine hydrochloride solution (40 mg/mL in pyridine)
and incubated for 90 min at 30 °C with constant shaking, followed by the addition of 50 uL of
N-methyl-N-[trimethylsilyl]trifluoroacetamide (MSTFA) and incubation at 37 °C for 60 min. The
extracts were centrifuged for 10 min at 10,000x g, and aliquots of 25 uL were transferred into glass vials
for GC-MS measurement. An identification mixture for reliable compound identification was prepared
and derivatized in the same way and an alkane mixture for reliable retention index calculation was
included [23]. Metabolite analysis was performed on a Pegasus 4D GCxGC TOF-MS-System (LECO
Corporation, St. Joseph, MN, USA) complemented with an auto-sampler (Gerstel MPS DualHead
with CAS4 injector, Miithlheim an der Ruhr, Germany). The samples were injected in split mode (split
1:5, injection volume 1 pL) in a temperature-controlled injector with a baffled glass liner (Gerstel,
Miihlheim an der Ruhr, Germany). The following temperature program was applied during sample
injection: for 2 min the column was allowed to equilibrate at 68 °C, a first temperature gradient was
started with a rate of increase of 5 °C/min until a maximum of 120 °C was reached. Subsequently,
the temperature gradient was changed such that the rate of increase was 7 °C/min up to a maximum
temperature of 200 °C. This was increased to a 12 °C/min gradient up to a maximum temperature
of 320 °C which was then held for 7.5 min. Gas chromatographic separation was performed on an
Agilent 7890 (Agilent Technologies, Santa Clara, CA, USA), equipped with a VE-5ms column (Agilent
Technologies, Santa Clara, CA, USA) of 30 m length, 250 um inner diameter, and 0.25 um film thickness.
Helium was used as the carrier gas with a flow rate of 1.2 mL/min. The spectra were recorded in a mass
range of 60 to 600 m/z with 10 spectra/s. The GC-MS chromatograms were processed with ChromaTOF
software (LECO Corporation, St. Joseph, MN, USA) including baseline assessment, peak picking, and
computation of the area.

4.7. Data Analysis

An in-house-created library and reference search including 45 most relevant metabolites from the
central carbon metabolism (CCM) were used, as seen in Table S7. The data were exported and merged
by an in-house R script. The metabolites were considered valid when they appeared in a minimum of
three out of five biological replicates (BR) in HCT116, two or three in female HUVECs, and two BR
for male HUVECs. Male and female HUVECs were analyzed separately because of the availability
of the material. The peak area of each metabolite was calculated by normalization to the internal
standard, cinnamic acid, and additionally to the protein content (or cell mass). The performance of the
different MeOH percentages were evaluated according to the following criteria: (1) number of detected
metabolites, (2) relative peak area, and (3) reproducibility. The technical variation of the GC-MS run is
shown in Table S8.

Supplementary Materials: The following are available online at http://www.mdpi.com/2218-1989/10/1/2/s1,
Table S1. Individual metabolite relative standard deviation (RSD) of HCT116 cells cultured in 10% and 20%
FCS conditions using different quenching solvents, extraction ratios, and polar volumes. *: phosphate. Table
S2. Individual metabolite relative standard deviation (RSD) of HUVECs cultured in 20% FCS conditions using
different quenching solvents, extraction ratios and polar volumes for the different protocols. Cells were measured
in different batches (dashed line). *: 50_Medium. Table S3. Median of the relative standard deviation (RSD)
per metabolite of HUVECs cultured in 20% FCS conditions using different quenching solvents, extraction ratios,
and polar volumes for the different protocols. Cells were measured in different batches. Table S4. Percentage of
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metabolites with a relative standard deviation (RSD) < 30% of HUVECs cultured in 20% FCS conditions using
different quenching solvents, extraction ratios, and polar volumes for the different protocols. Cells were measured
in different batches. Table S5. Relative standard deviation (RSD) of measured protein amount of HUVECs cultured
in 20% FCS conditions using different quenching solvents, extraction ratios, and polar volumes for the different
protocols. Cells were measured in different batches. Table S6. Median of the relative standard deviation (RSD) per
metabolite and percentage of metabolites with a RSD < 30% of HUVECs (three biological replicates) cultured
in 20% FCS conditions. Table S7. List of metabolite derivatives and their biological group used for reference
search. AA: Amino acids. PPP: Pentose phosphate pathway. TCA: Tricarboxylic acid cycle. TMS: Trimethylsilyl
derivatives. MeOX: Methoxyamine hydrochloride. Table S8. Technical variation during gas chromatography mass
spectrometry (GC-MS) run of four pooled samples. RSD: Relative standard deviation. Figure S1. 50% and 80% of
MeOH quenching buffer and different ratios of MeOH:CHCL3:H,O were mixed for extraction steps. Sudan I was
added to aid visualization of phase separation. No phase separation could be observed using 80_LOW condition.
Therefore, the condition was not used for further testing. Figure S2. Recovery of annotated metabolites per
biological group for different quenching and extraction methods. (a) HCT116 cells were cultivated in 10% FCS (in
minimum three out of five biological replicates). (b) HCT116 cells were cultivated in 20% FCS (in minimum four
out of five biological replicates). (c) HUVECs were cultured in 20% FCS (in minimum two out of three biological
replicates). HCT116 cells were measured in one batch while HUVECs were measured in different batches (dashed
line). The column data represents the number of annotated metabolites for each protocol. AA: Amino acids. PPP:
Pentose phosphate pathway. TCA: Tricarboxylic acid cycle. Figure S3. Median relative standard deviation (RSD)
of individual metabolites separated by metabolite classes from in minimum two out of three replicates of HUVECs
cultured in 20% FCS conditions using different quenching solvents, extraction ratios, and polar volumes. The
dashed line represents the maximum 30% RSD threshold advised by the Food and Drug Administration (FDA).
Condition details see Table 3. Cells were measured in different batches reflected by the three graphs. AA: Amino
acids. PPP: Pentose phosphate pathway. TCA: Tricarboxylic acid cycle. Figure S4. Comparison of the mean
of sum of normalized peak area for different quenching and extraction methods. HUVECs were cultured in
20% FCS. The cells were measured in 2 different batches (dashed line). Data from in minimum two out of three
biological replicates. The peak area was normalized to cinnamic acid and protein amount. Due to the low number
of biological replicates no significances were measured. File S1. Standard operating protocol for harvest and
extraction of adherent cells grown under 10% or 20% fetal calf serum (FCS) conditions version 1.
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Abstract: Cell-secreted extracellular vesicles (EVs) have rapidly gained prominence as sources of
biomarkers for non-invasive biopsies, owing to their ubiquity across human biofluids and physiological
stability. There are many characterisation studies directed towards their protein, nucleic acid, lipid
and glycan content, but more recently the metabolomic analysis of EV content has also gained traction.
Several EV metabolite biomarker candidates have been identified across a range of diseases, including
liver disease and cancers of the prostate and pancreas. Beyond clinical applications, metabolomics has
also elucidated possible mechanisms of action underlying EV function, such as the arginase-mediated
relaxation of pulmonary arteries or the delivery of nutrients to tumours by vesicles. However,
whilst the value of EV metabolomics is clear, there are challenges inherent to working with these
entities—particularly in relation to sample production and preparation. The biomolecular composition
of EVs is known to change drastically depending on the isolation method used, and recent evidence
has demonstrated that changes in cell culture systems impact upon the metabolome of the resulting
EVs. This review aims to collect recent advances in the EV metabolomics field whilst also introducing
researchers interested in this area to practical pitfalls in applying metabolomics to EV studies.

Keywords: extracellular vesicles; exosomes; microvesicles; biomarkers; diagnostics; metabolic pathways

1. Introduction

Extracellular vesicles (EVs) are bioactive nanosized vesicles that are secreted by cells that mediate
intercellular communication through the transmission of functional biomolecules [1]. The term “EV”
encompasses multiple designations as determined by the biogenetic pathway in question or biophysical
characteristics of EVs [2]. Multivesicular-body-derived exosomes, for example, are created via the
inward budding of endosomes, with the resulting intraluminal vesicles released through fusion of the
endosome with the cell membrane. Elsewise, microvesicles directly bud off from the cell membrane and
apoptotic bodies are the products of fragmented, dying cells. In addition to these three known classes of
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EV, uncharacterised subtypes are likely to exist differing in their composition, ultrastructure, or size [3,4].
Since the discovery in the mid-2000s that EVs can transfer functional mRNA [5,6], there have been
increasing reports ascribing biological functions to EVs across an astounding range of contexts [1].
From developmental biology [7] and cardiovascular homeostasis [8] through to immunity [9] and
angiogenesis [10], there appears to be a role for EVs in every instance where biological material is
exchanged between cells. Correspondingly, the pathological dysregulation of these processes has also
been reported in cancer [11], neurodegeneration [12], obesity [13] and inflammatory diseases [14],
whilst the deployment of EVs by pathogens and microbiota is informing new paradigms on how we
interact with microorganisms [15-17].

Consisting essentially of a lipid bilayer, EVs also comprise a repertoire of proteins, glycans
and nucleic acids [1]. Some of these components are incorporated into vesicles during biogenesis
and are thought to be characteristic markers of EVs. Notable examples include CD9, CD63 and
CD81 of the tetraspanin protein family [18], high phosphatidylserine lipid content [19] and a
conserved glycosylation signature that has been described for mammalian EVs [20]. Depending
on the EV class in question, markers differ and guidelines from the Minimal information
for studies of extracellular vesicles (MISEV) working group recommend that transmembrane/
glycosylphosphatidylinositol-anchored(GPI-anchored) proteins and cytosolic proteins be analysed
in all bulk EV preparations in order to demonstrate the presence of EVs as well as non-EV structural
proteins for purity control [21]. However, the comparatively limited repertoire of molecular markers
cannot account for the diversity of functions ascribed to EVs, and online databases of EV omics studies
show a vast assortment of EV-associated compounds beyond these [22,23], signifying other means
of cargo packaging. Molecules may be trafficked directly to EVs through interactions with other
biomolecules or indirectly packaged during vesicle formation processes that encapsulate pockets
of cytosol [24]. Moreover, EV content is dynamic and shifts in response to perturbations in culture
conditions [25]. As such, EVs present as reflections of their cellular source, and the analysis of vesicle
content provides a nanoscopic window into the physiopathological state of said cells. There are
various examples of this concept in action with the identification of EV protein, lipid and nucleic acid
biomarkers for several diseases [26-28]. Additionally, EVs have been isolated from many human
biofluids [1], engendering a huge interest in the use of EVs for non-invasive liquid biopsies, and the
EV diagnostics sector is projected to reach a value of $100 million by 2021 [29]. In recent years, several
examples of metabolite biomarkers have been published [30,31] and EV metabolomics holds great
promise against this backdrop.

Metabolites are described as any biologically relevant molecule <2 kDa in size. This comprises a
large range of molecular species, from steroid hormones and lipids to the metabolic intermediates of
nutrient anabolism and the monomers of the major biopolymer classes. Considering that all cellular
processes involve metabolites in some form, assaying of metabolomes can provide information on
any dysregulation to these in a manner analogous to using EVs to study cellular status. For example,
UHPLC-MS analysis of urinary EVs from prostate cancer patients identified abnormal levels of the
steroid hormone dehydroepiandrosterone sulphate (DHEAS), suggesting this metabolite as a potential
marker of prostate cancer and also as a means of monitoring disease progression [32]. Beyond
providing disease biomarkers, metabolomics can also illuminate fundamental EV biology. It was
shown that cancer-derived fibroblasts can supply nutrients to cancer cells through EVs, which further
illuminates the mechanisms of the tumour niche [33]. Elsewise, EVs can also act as “metabolically
active machines”, as proven by the metabolomic analysis of serum samples mixed with hepatocyte
EVs. Therein, alterations in the levels of over 90 metabolites were detected, signifying the presence of
functional enzymes in EVs [34].

Whilst EVs present exciting opportunities for metabolomics researchers, there are intractable
practical difficulties inherent to working with EVs that must be considered from the outset of any
potential projects—difficulties that mainly relate to the different classes of EVs and the heterogeneity
within these. For example, whilst isolation protocols can be targeted towards exosomes, the physical
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and biomolecular properties of exosomes, microvesicles and apoptotic bodies overlap, meaning that
any exosome-targeted preparation likely also contains other EVs as contaminants and it is difficult
to assign vesicle designation with full certainty [21,35]. Even then, supposing totally pure exosome
purification, the stochastic nature of vesicle biogenesis gives each exosome a potentially unique
composition [2]. Any subsequent omics characterisation thus provides information for the bulk vesicle
population and ignores the possible contribution of relevant subpopulations. EV subpopulations
are also problematic for sample preparation, as multiple reports have shown how different isolation
methods generate different results during downstream characterization [36-39]. The matrix from which
EVs are obtained may partially dictate the isolation method, but the choice is further complicated by the
increasing number of commercial and published EV isolation methods. Finally, production methods
can also bias EV composition. This has been demonstrated for EVs from two prostate cancer cell
lines produced from either standard culture flatware or from bioreactors, with the metabolic signature
of these models shifting depending on the cell culture conditions [40]. Fortunately, despite these
complexities, the actual metabolomic analysis of a purified EV sample is straightforward and does not
present any sample-specific issues. In our hands, established techniques of metabolite extraction and
analysis have proven sufficient in generating sufficient data. A workflow of possible methodologies
for an EV metabolomics study is presented below (Figure 1).

Starting EV E i i :
i { of i of metabolites Betection

Ultracentrifugation

L * 5 Density gradient i Targeted
E'°I?':s‘::;‘u'ds Immunoafiinity Organic ,ﬁgé‘ﬁ:}gﬂg)
e Precipitation solvent RP (hydiophobily)
Ultrafiltration Non-targeted

Figure 1. Key stages of the metabolomic analysis workflow for extracellular vesicle (EV) samples.
Methodologies of EV isolation can impact the metabolome and should be carefully considered
when comparing results from different studies. (CCM, cell conditioned medium; SEC, size
exclusion chromatography; GC, gas chromatography; HILIC, hydrophilic interaction chromatography;
RP, reversed-phase chromatography; Targeted analysis, detailed analysis of a predefined subset of the
metabolome; Non-targeted analysis, maximum metabolite coverage).

Herein, we aim to cover the recent findings from EV metabolomics studies whilst placing
an emphasis on the EV isolation and analysis methodologies used to highlight the best practices.
The key studies so far and their salient information have been collected in Table 1 for easy reference.
Consideration will also be given to the EV origins within studies, how the wider body of EV research
can inform future EV metabolomics studies and whether a gold standard of EV sample preparation
can ever be achieved. We will also cover how metabolomics of other sample types has been useful in
understanding the role of EVs as metabolically active machines. It should be noted that there is crossover
between EV metabolomics and lipidomics, as the size of biologically relevant lipids categorises them
as metabolites. Since EV lipidomics is a more established field and has been excellently reviewed
elsewhere [41,42], we have focused on metabolites as small polar molecules involved in cellular
processes of metabolism.
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2. Metabolomics of Patient-Derived EVs

Considering the potential of EVs for non-invasive liquid biopsies, the identification of robust
metabolite biomarkers in EVs is a key goal. Such studies necessitate the use of EVs extracted from
clinical samples for greater impact and translation. An instructive example comes from a metabolomics
study of urinary EVs (uEVs) in the context of prostate cancer [32]. Therein, 50 mL of urine from
patients with either prostate cancer (PCa) or benign prostatic hyperplasia (BPH) was sterile filtered
and frozen at —80 °C immedjiately following collection. Subsequent EV isolation from the urine was
performed by differential ultracentrifugation—first centrifuged for 30 min at 10,000 X g to remove the
majority of larger vesicles before pelleting of small uEVs at 100,000 x g for 75 min. Processing of all
uEV samples was performed by fractionation with methanol and chloroform into different phases
of metabolites for UHPLC-MS analysis. Through this methodology, researchers detected differential
metabolite content in the patient-derived uEVs and highlighted 76 of these as statistically significantly
different between the PBH and PCa samples. Crucially, 3beta-hydroxyandors-5-en-17-one-3-sulphate
(dehydroepiandrosterone sulphate, DHEAS) was raised in the uEVs from PCa patients compared to
BHP patients, potentially enabling clinicians to distinguish between these often-confused diagnoses.
The study continued with bioinformatics analysis of published gene expression data to identify a
decrease in steroid sulphatase in the PCa samples, correlating with disease progression. DHEAS is a
substrate for this enzyme, and its loss in advanced PCa suggests that DHEAS accumulation could also be
used to stratify patients according to disease progression. The question remains as to whether a baseline
DHEAS level could be established to show meaningful DHEAS deviations as a biomarker for initial
PCa identification. Furthermore, the pathological relevance of EV-associated DHEAS is potentially
interesting. No more than 10% of DHEAS is produced from the gonads of healthy males, instead
primarily originating from the adrenal glands [51]. It is possible that the dysregulation of the steroid
sulphatase gene in the cancer context could lead to more constitutive DHEAS signalling, exacerbating
prostate tumour severity. In all, this study highlights how a combinatorial approach of metabolomics in
combination with other methods can add value to diagnostics and provide new insights to disease.

Another proof-of-concept study for extracting EV metabolite biomarkers from biofluids was
established with the plasma of endometrial adenocarcinoma (EAC) patients [43]. Plasma was
obtained from 10 mL samples of blood from both EAC patients and control subjects before storage at
—80 °C. EVs were again isolated through ultracentrifugation, although with a first centrifugation at
16,500 g and the second at 100,000 g for 120 min. Methanol-chloroform fractionation was employed
to release metabolites and UPLC-ESI-MS was used for data acquisition. Due to inconsistencies
between the data and metabolite databases, accurate mass-based identification of the detected
metabolites could not be performed, beyond a few amino acids and substituted sugars. However,
principal component analysis of metabolites revealed a clear separation between the plasma of healthy
control subjects and those of the cancer patients, indicating the potential for even incomplete EV
metabolomics in disease identification. Both these studies used ultracentrifugation for EV purification,
albeit with some differences to their protocols. Previously described as the “gold standard” of EV
isolation [52], this approach is straightforward and well suited to generating proof-of-concept data.
However, ultracentrifugation is not appropriate for clinical diagnostics due to specific equipment
requirements [53]. Other isolation methods are also available, such as size exclusion chromatography,
immunoaffinity and precipitation-based methods. Each has their own advantages and drawbacks
in terms of selectivity and yield, and these have been described with detail in a recent review [54].
In the case of urinary EVs, different clinically relevant EV purification methods were compared against
ultracentrifugation, selected on the basis of minimal equipment requirement [37]. Said methodologies
comprised several commercially available EV isolation kits working on precipitation principals and a
method of lectin-based EV capture [55]. The protein and RNA composition of purified EVs was found
to be heavily influenced by the isolation method, with EV markers CD9 and CD63 nearly absent in some
purified samples. Inter-donor samples were also found to vary wildly in marker content when the same
isolation method was used, highlighting the difficulty of establishing biomarker baselines. Considering
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this evidence, it is essential that this comparative approach is extended to EV metabolomics in order to
ascertain whether there are similar method-dependent effects on EV metabolite content.

3. Metabolomics of EVs from Cell Culture

Whilst extracting EVs directly from biofluids has direct clinical prospects, there are advantages
to culturing patient-derived cells in vitro for understanding disease. Specifically, the EVs of
cancer-associated fibroblasts have been examined and a potential role found for their EVs in modulating
the metabolism of cells from the cancerous PC3 line [33]. This study took fibroblasts originally isolated
from cancer patient tumours and cultured these in either normal conditions or in media supplemented
with various 13C-labeled molecules including glucose, pyruvate, and lysine. Therein, the commercial
Total Exosome Isolation Reagent from Thermo Fisher was used to isolate EVs directly from the cell
culture media and the study employed complementary metabolomics approaches to characterise the
cargo of these EVs. GC-MS (gas chromatography) highlighted a high vesicular content of the nutrients
pyruvate and citrate, whilst UHPLC identified a number of essential amino acids, with glutamine
and arginine particularly enriched. Downstream functional studies proved that these metabolites,
which were supplied by the EVs produced in the presence of 1*C-labeled molecules, could be taken up
and utilised by the receiving PC3 cells. The EVs were found to be within the size range for exosomes
(30-100nm) according to nanoparticle tracking analysis, and were positive for CD63.

Beyond considerations in EV sample preparation, some forethought must also be given to the
types of molecules one wishes to analyse. No single method is able to cover the entire spectrum of the
metabolome. This is well exemplified with the EVs from red blood cells in relation to malaria and the
transmission of the Plasmodium falciparum parasite by Anopheles spp. [44]. Understanding the processes
of mosquito attraction to humans requires the study of volatile organic compounds as the transmitters
of human scent over distances. Red blood cells from infected and non-infected volunteers were
cultured ex vivo and the resulting conditioned media subjected to differential ultracentrifugation for
30 min at 15,000 g and 110,000x g for 70 min for EV purification. Metabolite extraction was performed
concurrently with GC-MS using the headspace solid phase microextraction (HS-SPME) method. Briefly,
EV samples were sealed in GC vials in the presence of a divinylbenzene/carboxen/polydimethylsiloxane
fibre for 12 h at 37 °C before injection to the mass spectrometer. The HS-SPME GC-MS method
was chosen to select for volatile organic compounds, and 18 of such were identified from EVs,
of which diacetin was found to be increased in the EVs derived from infected red blood cells.
The ultracentrifugation supernatants were also analysed, and in turn, hexanal was found solely in
infected supernatants. Together, these are possible mosquito chemoattractants upregulated after
infection with P. falciparum. which were discovered by metabolomics.

Importantly, the method of cell culture can also impact upon the metabolite composition of
EVs, and may need to be considered when results of different studies are compared. This issue was
highlighted by a recent article comparing the EVs of two prostate cancer cell lines produced either in
conventional cell culture flatware or bioreactor culture [40]. Large and small EVs from either 20,000x g
or 110,000x g ultracentrifugation steps were collected from both the VCaP and PC-3 lines cultured
in either condition. EV samples were disassembled in acetonitrile and subjected to LC-ESI-MS with
separation with either reversed-phase or hydrophilic columns. EVs were found to possess broadly
similar physical characteristics regardless of the culture method, but significantly different levels of
459 metabolites were seen across both cell lines. Indeed, some molecules were unique to bioreactor or
flatware culture, indicating different pathways of metabolic activity in the producing cells altering the
identity of the resulting EVs. Whilst illustrative of the issues in EV sample generation, the implications
of this work go beyond the differential metabolite results. There is significant interest in translating
EVs as therapeutics to the clinic which will necessitate production scale-up to bioreactor levels from
the flatware of standard research laboratories. Functional metabolite cargoes have already been proven
in the case of cancer nutrient supply [33] and depending on the treatment modality of the candidate
therapy, their efficacy may be impacted upon changes in metabolite content. This study should serve as
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a warning to therapy developers to characterise their products at all levels during process development.
Moreover, understanding how the production conditions influence the metabolite content of the EVs
may highlight novel methods to modulate their innate content.

4. Enrichment of Metabolites in EVs vs. EV Source

Metabolite enrichment in exosomes can sometimes facilitate the detection of certain low-abundance
disease markers which are below the detection limit using the sample matrix alone. However, careful
quantification of metabolite concentrations in both exosomes and matrices is required to validate
enrichment. Failure to actively prove enrichment can have varied consequences. In the best-case
scenario, it may be that a raw matrix shows biomarkers at sufficient concentrations to enable diagnosis,
forgoing the need for advanced EV-targeted methods. However, it is more likely that a putative EV
biomarker is not significantly enriched when compared to the biofluid, invalidating EV-associated
biomarker application. More concerning outcomes are also possible. For the EV field, this is best
exemplified by the contamination of EV preparations by exogenous nucleic acids from foetal bovine
serum (FBS) media additives in a number of high-profile studies [56,57]. Prior to these cases, it was
assumed that the ultracentrifugation-mediated EV-depletion of FBS was sufficient to remove excipient
contaminants. Now, the findings of many publications have been called into question—a warning to
all not to take EV sample preparation pitfalls lightly. Similarly, the recent identification of “exomeres”
as distinct, functional nanoparticulate entities that can copurify with EV preparations may also present
issues in future [58,59].

Therefore, it is important to always analyse the EV source matrix alongside the processed
EV sample (e.g., the cell culture media direct from the bottle and without exposure to cells).
For ultracentrifugation-based EV studies, retention and analysis of the supernatant can also suffice
to determine any carryover from the cell culture media or biofluids, depending on the project.
Alternatively, commercial isolation kits typically function by precipitation methods, and the work
and supernatants from these should also be tested. A practical example comes from a comparative
study on uEVs and platelet-derived EVs (pEVs) [45]. Therein, the metabolite content of uEVs purified
by ultracentrifugation was measured by UHPLC-MS and compared to that of the originating urine
filtrate, alongside pEVs compared with the parental platelets. In both systems, there was a high degree
of metabolite overlap between the EVs and the source material, but certain classes of metabolites
were enriched in the EV samples, suggesting an active recruitment of these molecules into the EVs.
The largest changes in uEVs were observed for spermidine, ornithine and nicotinamide adenine
dinucleotide (NAD), each enriched >600-fold compared to urine. Nucleotide and amino acid pathway
metabolites were also significantly enriched. On the other hand, pEVs contained 11 unique molecules
compared to the source platelets which only had one, but the enrichments were less dramatic for
common metabolites. For example, a 250-fold upregulation of adenosine was the largest of these,
followed by carnitine and various carnitine derivatives with 10- to 50-fold enrichments. Finally,
inter-sample comparison of uEVs showed larger differences between the prostate cancer patients
and the healthy controls than in the comparison between urine samples. Further comparison of the
metabolite profiles from uEVs against pEVs revealed some common metabolites but also a broad range
of unique molecules, highlighting the point that specific biofluids will be better starting points for
specific diseases. Together, these data support the isolation of EVs as carriers of metabolites to identify
otherwise missable biomarkers.

5. Metabolomics of Non-EV Samples

It is interesting to note how the metabolomics toolkit can be applied to questions of EV biology
without direct EV analysis. This approach is well exemplified by complementary studies proving EVs
as metabolically active entities by assaying the blood metabolome after incubation with EVs from
rat primary hepatocyte culture [34,60]. Therein, small volumes of rat serum were incubated for 1 h
with the EVs collected from 110,000 g ultracentrifugation and the metabolites then extracted through
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methanol—-chloroform fractionation for UHPLC-MS analysis. In both studies, blood metabolome
shifts were observed after incubation with EVs, specifically molecules of the arginine biosynthesis
pathway, demonstrating that EVs are capable of actively modulating metabolites with their enzymatic
content. This provides a novel concept of EVs as metabolic machines. These findings were further
developed for arginase-positive EVs in an assay of pulmonary endothelial induction [34], based on the
action of arginine as a nitric oxide precursor. The EVs inhibited the relaxation of isolated pulmonary
arteries, providing direct proof that EVs can effect physiological changes through metabolome
alteration. In related stories of active enzyme content, the presence of functional asparaginase,
a2-6-sialyltransferase 1 (ST6Gal-I) and extracellular nicotinamide phosphoribosyltransferase (eNAMPT)
have all been demonstrated in EVs [59,61,62]. eNAMPT is of particular note for its role in nicotinamide
adenine dinucleotide metabolism, heavily associated with mechanisms of aging. Given the rapid rate
of publication for these recent discoveries, it is exceedingly likely that metabolomics will reveal more
such metabolically active EVs in future [63].

6. Conclusions and Future Directions

EV metabolomics is a nascent field but one with great potential, as evidenced by the interesting and
varied findings presented in this review. The issues of EV sample preparation will always be inherent
but are not insurmountable, as long as methods are clearly reported alongside sufficient controls and a
suite of vesicle characterisation tests. That said, understanding in the field is continually evolving, as
exemplified by the issues of contaminating nucleic acids from FBS media [57] or the disputed use of
previously accepted EV markers [64]. To better facilitate inter-study comparison now and in posterity,
full reporting is essential. It is worth consulting the MISEV and EV-TRACK (Transparent Reporting
and Centralizing Knowledge in Extracellular Vesicle Research) guidelines in this regard [21,65].
These initiatives detail the minimal reporting requirements that should be included in a reproducible,
quality study. However, there are no specific instructions for metabolomics reporting as yet, and
these also need to be established or perhaps adopted from previous metabolomics standardisation
initiatives [66]. EVpedia has allowances for metabolomics datasets [22], and we encourage researchers
to fully utilise this resource and upload any findings to facilitate future bioinformatics analyses.

There is a great interest in using EVs for diagnostic purposes. However, the validation of
biomarkers of any sort is a lengthy pursuit with many regulatory hurdles where failure is possible [67].
In these early days of EV metabolomics, it is worth pre-empting these challenges as much as possible
through careful methodological planning. In this regard, it may be necessary to further standardise
working practices. For example, the amount of EVs used for metabolomics varies across studies.
One such work gives a vesicle count of 10!? particles for their experiments [45], and a similar number
should perhaps be adopted by the field to ensure consistency between datasets. Moreover, the vast
majority of studies presented here have used ultracentrifugation and the supremacy of this method as
the “gold standard” has been challenged in recent years. With the ever-increasing amount of published
methods, it is unlikely that a single best method will emerge and instead the choice of isolation method
will be determined by the end application. Toward this end, we recommend that clinically relevant
methods be adopted as soon as possible for biomarker studies [37,53]. Finally, the practical challenge
of detecting biomarker shifts in a given patient is also worth considering. These may be too subtle to
detect without previous patient sample data, necessitating a program of routine EV metabolite analysis
that is unfeasible in practice. Future efforts should be made to establish a baseline EV metabolome for
healthy humans from which deviations can be inferred.

EV metabolomics is useful for understanding certain EV functions, but questions remain regarding
fundamental EV biology. For example, the investigation of EV subpopulation metabolomes has not been
described, but may prove valuable to this area of high interest. This is a challenging task to undertake
due the already low yield of total EV samples, particularly with the highly selective purification
methods of marker-targeted affinity isolation or ultracentrifugation in combination with further
chromatography steps [21]. Nonetheless, inevitable improvements in the sensitivity of metabolomics,
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such as nanoflow liquid chromatography-nanoelectrospray ionization (nLC-nESI) [68], along with
more refined purification techniques, will hopefully enable these questions to be answered.

Despite the encouraging results collected herein, the full power of EV metabolomics is yet to
be realized. We have used examples from biological pathologies, but the metabolome changes from
physical stimuli can also be detected—as in the case of primates exposed to damaging radiation [46],
which could potentially prove useful in monitoring exposure levels of radiotherapy technicians.
Moreover, the metabolomics of pathogen EVs may further the understanding of infection from bacterial
species [47]. Elsewise, the studies with patient-derived EVs presented here have focused on cancer,
but metabolite biomarkers have already been suggested in neurodegeneration and even psychiatric
disorders [69]. Such pathologies present different challenges in identifying valid patient-control
cohorts but there is no reason that EV-targeted metabolomics may not prove useful in enriching the
scanty biomarkers in these contexts. We hope that having read this review, metabolomics and EV
researchers are encouraged to seek EV metabolite-related projects and contribute materially to this
promising field.
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Abstract: Human milk (HM) is considered the gold standard for infant nutrition. HM contains macro-
and micronutrients, as well as a range of bioactive compounds (hormones, growth factors, cell debris,
etc.). The analysis of the complex and dynamic composition of HM has been a permanent challenge
for researchers. The use of novel, cutting-edge techniques involving different metabolomics platforms
has permitted to expand knowledge on the variable composition of HM. This review aims to present
the state-of-the-art in untargeted metabolomic studies of HM, with emphasis on sampling, extraction
and analysis steps. Workflows available from the literature have been critically revised and compared,
including a comprehensive assessment of the achievable metabolome coverage. Based on the scientific
evidence available, recommendations for future untargeted HM metabolomics studies are included.

Keywords: human milk; metabolome; sampling; extraction; liquid chromatography-mass
spectrometry (LC-MS); nuclear magnetic resonance (NMR); gas chromatography—-mass spectrometry
(GC-MS); capillary electrophoresis—mass spectrometry (CE-MS)

1. Introduction

Human milk (HM) has been markedly established as the optimal way of providing infants with
the necessary nutrients and bioactive factors for their early development. Many health associations and
organisms, including World Health Organization, recommend exclusive breastfeeding for the first six
months of life [1]. Health benefits of HM for infants include reduced mortality and morbidity, including
sepsis, respiratory diseases, otitis media, gastroenteritis, and urinary tract infections, among others [2].
In addition, studies reporting on long-term benefits of HM consumption such as lower risk of suffering
from type 1 diabetes and inflammatory bowel disease or overweight in adulthood emerged [3]. HM
may also be associated with a slightly improved neurological outcome as cohort studies report [4],
especially in preterm infants [5], although potential confounders must be accounted for [6].

HM composition is dynamic and influenced by several factors including genetics, gestational
and infant’s age, circadian rhythm, maternal nutrition, or ethnicity. It provides a series of nutrients
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such as lipids, proteins, carbohydrates, and vitamins, jointly with a number of bioactive factors that
contribute to several physiological activities in the newborn infant as well as to short- and long-term
outcomes [7,8]. Living cells including stem cells, hormones, growth factors, enzymes, microbiota, and
even genetic material are part of this vast array of HM components with impact in early development,
particularly the immune system [9]. In addition, HM appears to be one of the richest sources of
microRNAs [10]. On the other hand, because of the maternal environmental exposure and lifestyle,
the presence of some contaminants such as persistent organic pollutants or pharmacologically active
substances in HM has been described [11,12].

Due to its complex composition, the analysis of HM is not straightforward. While the advent
of “omics” approaches has offered valuable insights into the composition of this unique biofluid,
untargeted metabolomic and lipidomic studies have only recently been applied to HM [13]. The
comprehensive study of the HM metabolome, which includes the intermediate and end products of
metabolism, can shed light on maternal status or phenotype [14,15]. The generation, analysis, and
integration of large and complex data sets obtained in metabolomic studies go hand in hand with
the following challenges: (i) the intrinsic complexity of the sample: a rich variety of jointly present,
structurally heterogeneous compounds at concentrations that strongly vary covering several orders of
magnitude; (ii) pre-analytical steps related to sampling, storage, and pre-processing (e.g., extraction,
clean-up); and (iii) the diversity of platforms currently available including nuclear magnetic resonance
(NMR), as well as gas chromatography (GC), liquid chromatography (LC), and capillary electrophoresis
(CE) coupled to mass spectrometry (MS). The analysis of the HM metabolome has been approached
employing a variety of extraction and analytical techniques to respond to a spectrum of clinically
relevant questions. Several studies have compared HM metabolome with formula milk [13,16-20] or
with milk from other mammalian species including monkey [21], donkey [17], and cow [18], whereas
others have made efforts in defining the metabolome of preterm milk [13,16,22-26] and the evaluation
of the HM metabolome during the course of lactation [15,23,27-30]. Furthermore, the influence of
maternal diet [14,15,31], phenotype [14,32], obesity [30], or atopy status [33], as well as geographical
location [33,34], time of the day [29,35], chemotherapy [36], or preeclampsia during pregnancy [31] on
the HM metabolome have been reported.

Recent review articles that address the HM metabolome or lipidome [12,37—41] are available. For
information on the compounds and compound families typically found in HM and their function the
reader is referred to [37-40]. Readers with a particular interest in HM lipidomics are referred to a recent
compilation study [41]. Technical aspects of HM analysis when performing metabolomics studies
in HM have been recently described [12]. This review article gathers recent literature available on
metabolomic analysis of HM, particularly focusing on untargeted approaches as indicated in Figure 1,
to provide an up-to-date overview of the key factors that may influence HM metabolome coverage.
Based on the information provided within the available literature, recommendations to guide study
design and analytical method development of untargeted HM metabolomics assays were developed.

Records screened Records screened
Records excluded (n = 49): “criterion 1” “criterion 2" Records excluded (n = 49):
- Animal model/other biofluid (n = 21) (n=73) (n=68) - Animal model/other biofluid (1 =30)
Targeted (n=7) Targeted (n =3)
Exclusively lipidome/glycome (n=3) [ A ” Exclusively lipidome/glycome (1 =2)
Review (n =4) Full-text articles Full-text articles Review (n =2)
- Other (1 =14) selected selected - Other (n=12)
(n=24) (n=19)

Merged
Studies included
(n=26)
Figure 1. Flow diagram of literature selection and review process. Search “criterion 1”: term (“human
milk” OR “breast milk”), AND “metabolom*”, AND “infant”; only articles. Search “criterion 2”: term

(“human milk” OR “breast milk”), AND “metabolom*”, AND (“GC” OR “LC” OR “NMR” OR “CE");
only articles. Web of Science database was employed for literature search.
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2. Considerations Regarding the Study Design

HM is a biofluid characterized by a dynamically varying composition according to several factors
including lactation time, time of the day, throughout each feed, maternal status, and the environmental
exposure. Although compositional variations have been mainly studied regarding the protein content
of HM [42], changes of other compound classes such as fat or vitamins have been also reported [43,44].
Considering the intrinsic variability of HM, the complexity of obtaining representative HM samples
is not negligible. Sources of variation related to sample manipulation and compositional variation
can be minimized using standard operational procedures (SOPs). SOPs are fundamental to maintain
quality assurance (QA) and quality control (QC) process and facilitate repeatable and reproducible
research within and across laboratories. However, biologically meaningful results across studies
will only be obtained if several key factors during the sample collection process are successfully
controlled. This is of special importance in untargeted approaches, where the interpretation of results is
especially challenging, and confounding factors introduced by a non-exhaustive sampling protocol can
be wrongly attributed to differences between subjects of a studied population. Conversely, biologically
meaningful information can be missed or remain unnoticed due to unwanted bias introduced during
sample collection.

The information regarding study design provided in HM metabolomics studies varies
considerably [13-24,26-32,34-36,45-47] as shown in Figure 2. Repeatedly reported factors
have been grouped into three categories and are discussed in detail in the following sections:
(1) maternal-infant-related factors (blue bars), (2) time-related factors (green bars), and (3) HM
collection-related factors (orange bars). It should be noted that, although the importance of each
factor might vary with the scientific question of each study, the authors encourage (i) the use of SOPs
employed during sample collection to assure homogenous and representative sampling and (ii) the
reporting of all documented factors in order to enhance comparability between results of metabolomic
studies on HM. In case of HM, samples are typically collected, handled and sometimes temporary
stored and transported by the mothers and not, such as it is the case for other biofluids (e.g., plasma
or serum), by health professionals. During study design it is therefore very important to assure that
mothers receive detailed instructions and/or training for the correct handling of collected samples. In
addition, one should keep in mind that sampling protocols should neither interfere with infant feeding
nor negatively impact on the mother-baby bonding. Hence, the collection of transitional and mature
milk is usually preferred over colostrum, especially in studies involving mothers of preterm infants,
where colostrum is usually kept exclusively for the infant’s supply.

2.1. Maternal-Infant-Related Factors

In HM metabolomic studies, gestational age is frequently reported (see Figure 2), although the
impact of this factor on the HM metabolome has not been fully characterized. Studies focused on
preterm milk showed that, analogously to full-term milk, its composition is dynamic throughout
the first month of lactation [13,16,22]. However, after 5-7 weeks, metabolite composition of HM
from mothers of preterm infants resembled that collected from mothers of full-term infants [23]. On
the other hand, Marincola et al. [13] observed that HM from mothers of early preterm infants (26
weeks of gestation) differentiated from milk samples from term infants. However, the low number of
samples involved in the study (n = 20 and 1 = 3 mothers of preterm and term infants, respectively)
hindered the assessment of the statistical significance of the impact of gestational age on the milk
metabolite composition. Sundekilde et al. [23] carried out a longitudinal study on milk from mothers
of preterm and full-term infants covering similar lactation periods (3-14 weeks and 3-26 weeks after
birth, respectively) and showed that some metabolites were present at significantly different levels in
full-term milk compared to preterm milk. On the contrary, Longini et al. [16] did not observe significant
differences between preterm and full-term milk within the first week after delivery, only being able
to discriminate milk samples from early preterm infants (<29 weeks of gestation). It is worth noting
that the effect of gestational age on the HM metabolome has been mainly studied employing NMR
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platforms [13,16,22,23], in which metabolite coverage is limited (see Figure 5) and some metabolite
classes (e.g., lipids) are barely accessible. For this reason, and in order to further evaluate the impact
of gestational age on the milk metabolome, we warrant more comprehensive metabolomic studies
employing complementary analytical platforms.

Gestational age
Maternal age
Maternal BMI
Infant gender
Birth mode
Parity
Maternal diet
Time after delivery
Time of the day
Time with respect to baby’s feed
Sample container
Total volume
Manual / Pump expression
Full expression
Breast cleansing
From 1/ 2 breast(s)

0 20 40 60 80 100
Percentage (%)
Figure 2. Reporting frequency of factors relevant to the human milk (HM) sampling process:

Maternal-infant-related factors (blue bars), time-related factors (green bars), and HM collection-related
factors (orange bars). Note: BMI = body mass index.

Other potentially relevant, miscellaneous information about the studied population of
mother-infant pairs such as infant gender, parity, and birth mode, have been frequently reported in
metabolomic studies (see Figure 2), although these characteristics often remain in the background since
the studies focus on other aspects. The influence of these factors on the metabolite composition of
HM has not been elucidated yet, and this might be addressed in forthcoming studies. An additional
factor that is not typically reported in HM metabolomics studies is maternal secretor status. Significant
differences in the oligosaccharides profile of milk between so-called secretors (Se™), which are those
mothers that provide a functional FUT2 gene, and non-secretors (Se™) have been reported [48]. Secretor
status is mainly established based on the presence (Se*) or absence (Se~) of 2’-fucosyllactose, with
a prevalence rate of approximately 80% of secretors over non-secretors [14,22,23,26,32,49]. Maternal
secretor status is therefore usually determined a posteriori during data processing and analysis.
Oligosaccharides are polar compounds that are present at concentrations in the mM range that will
likely be preserved during sample extraction procedures employed for metabolomics studies. As their
presence/absence might potentially affect clustering of milk based on maternal secretor status [24], to
provide this information, when available, might be of interest.

2.2. Time-Related Factors

HM undergoes significant changes over time, having established three differentiated lactation
stages: colostrum, transitional milk and mature milk. As can be seen in Figure 2, lactation time is
reported in the vast majority of metabolomic studies. In particular, several studies have focused on the
HM metabolome throughout lactation [15,23,27-30], all of them concluding that significant differences
in the metabolic profile over time exist. Therefore, it seems reasonable to report this factor. On the
other hand, although it has been demonstrated that diurnal variation affects HM fat content [50], its
effect on the overall metabolite composition is a controversial issue which has not yet been adequately
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addressed in the available literature. Whereas no significant changes in some lipids and small polar
metabolites have been observed [29,35], differences in some micronutrients (e.g., vitamins) could be
evidenced [44]. The use of a pool of a 24-h expression of HM should compensate for changes due
to diurnal variation, thus, obtaining more representative samples [13,24,25] in longitudinal studies.
However, the drawback is that this practice is incompatible with breastfeeding of the infant, which, in
turn, might raise severe ethical concerns. A feasible compromise for ameliorating diurnal variations is
the use of pooled morning and evening samples [29,35].

Regarding time of collection with respect to baby’s feed, the influence of this variable has not been
studied to date, but given the differences found between fore- and hindmilk [51], it seems reasonable
to assume that this factor might be potentially relevant.

2.3. HM Collection-Related Factors

Any uncontrolled variable within an experiment can result in a potential source of bias. In this
sense, although less attention has been payed to other factors related to the expression and storage of
HM (see Figure 2, orange bars), they may be relevant to the outcomes of metabolomic studies. As can
be seen, the type of sample container is indicated in 50% of the studies, whereas other specifications
regarding HM expression are included scarcely. The latter factor deserves some special attention, since
differences in the milk fat content between foremilk (initial milk of a feed) and hindmilk (last milk of a
feed) have been reported [51]. Therefore, full expression of breast(s) is desirable in order to obtain a
representative HM aliquot [52]. The influence of all other factors, to date, remains unstudied.

2.4. Pasteurization and Storage

HM banks rely on stringent protocols in which pasteurization, indispensable for minimizing
the potential to transmit infectious agents, as well as freezing and long-term storage procedures are
established. The pasteurization process affects some of the nutritional and biological properties of
HM [53-55]. In this review, three studies that use milk from HM banks are included [16,20,23], but
only one specifies whether or not HM has undergone pasteurization [23]. Variability of the metabolite
profile of HM caused by pasteurization has not been comprehensively explored to date. Future studies
focused on the systematic exploration of the effect of thermal treatment on HM are warranted.

HM is usually stored frozen employing —20 °C and —80 °C for short- and long-term storage,
respectively. However, duration of storage and the effect of repeated freeze-thaw cycles are identified
as additional factors with potential impact on HM composition that are missing in most published
studies. In lipidomic studies, the integrity of HM samples is preserved by subjecting HM to inactivation
of endogenous enzymes such as lipases in order to minimize lipolysis and lipogenesis. In this sense,
immediate storage at —80 °C is advisable [41]. Particularly for metabolite composition analysis, storage
at —80 °C is widespread [13,15,18,19,24-26,28,31,45,46], sometimes with a prior short-term storage at
—-20 °C [14,21,22,27,29,33,34]. Wu et al. [29] investigated the effect of storage conditions by keeping
samples for different times at —20 °C and then transferring them to —80 °C versus storing samples
directly at —80 °C. Variations in duration of storage at —20 °C versus —80 °C showed no detectable
effect on the metabolites considered (e.g., lactose and other carbohydrates, choline and its derivatives,
and a variety of amino acids) by visual inspection of sample clusters in principal component analysis
scores plots. However, analysis of variance evidenced differences in butyrate, caprate, and acetate
contents. However, time of storage considered in this study was limited to two weeks, which is not
representative for conditions employed in clinical studies or standard home routines. It is therefore
clear that further studies are required in this regard.

On the other hand, HM employed for research studies is typically stored in small aliquots.
When working with raw milk, this procedure might introduce bias due to phase separation prior to
the preparation of the aliquots. Hence, the homogenization of HM with a disruptor, resulting in a
stable emulsion with reduced size of milk fat globules [56], as employed prior to the quantitation of
macronutrients with HM analyzers, might be advisable.
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3. Metabolite Extraction from HM

For metabolite extraction from HM, an array of methods has been reported. An overview of the
employed approaches is shown in Figure 3. The selection of the extraction method is conditioned
by the study objective and the subsequent analysis method. As in other untargeted metabolomics
workflows, for HM metabolomics, the selected sample preparation approach should enable a high
degree of metabolome coverage while making the sample matrix compatible with the analytical
platform. Other considerations might include the available amount of sample volume and the use
of one sample extraction procedure for subsequent analysis by multiple, complementary analytical
platforms [13,27,28].

HM
Bligh & Dygr/l’olch Single phase extraction Ultraﬁltrahon Preclpltahon
extraction
3 kDa cutoff
Aqueous phase spin filter
{po e metabali= Yol and non —> Lipids and proteins Polar and non-
— Proteins polar metabolites P P polaI metabolites
—— Organic phase (non-
polar metabolites) — Protein pellet \/—— Polar metabolites ' — Proteu\ pellet

Figure 3. Sample preparation approaches employed in human milk (HM) metabolomics.

Liquid-liquid extraction (LLE) is the classical extraction method employed in metabolomics and
lipidomics. This method, developed by Folch et al. [57] in 1957, uses a chloroform-methanol mixture
(2:1, v/v), which results in two differentiate phases: an upper phase containing polar metabolites and a
lower phase containing nonpolar metabolites. Subsequently, in 1959 Bligh and Dyer [58] developed a
modified method using a miscible chloroform-methanol-water mixture and later separated into two
phases by adding chloroform or water. Both approaches enable the separation of polar and nonpolar
metabolites, thus, allowing the analysis of a wide range of metabolites and making them compatible
with several analytical platforms. While the use of Bligh and Dyer LLE is widely extended for HM
metabolomics studies (see Table 1) [13,16-19,24,25,29,32], only Andreas et al. [28] used a modified
Folch extraction protocol for processing HM samples.

Methyl tert-butyl ether (MTBE) in combination with methanol has recently been proposed for
single-phase extraction [27]. MTBE is a nontoxic and noncarcinogenic solvent and it is therefore
considered a safe and environmentally friendly alternative to harmful solvents employed in traditional
LLE methods, such as chloroform, which is a suspected human carcinogen. In this extraction method,
a unique phase containing both, polar and nonpolar metabolites is obtained with a protein pellet at
the bottom (see Figure 3). Thus, the simultaneous analysis of lipidome and metabolome in a very
small amount of biological sample is achievable. This method has been successfully employed to
determine polar metabolites and fatty acids (FAs) in HM by GC-MS [27,28], as well as lipids and polar
metabolites by LC-MS [15,27,28], thus, increasing the metabolome coverage by the combined use of
complementary analytical platforms.
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Ultrafiltration makes use of centrifugal molecular weight cutoff filters. Different molecular weight
cut-off filters are commercially available for this purpose and repeated centrifugation steps might be
employed to remove proteins and lipids (see Table 1). Unlike single-phase extraction, ultrafiltration
allows to separate polar metabolites from the HM without dilution [14,21,22,29], however this method
does not have the capacity to study the global metabolome of HM. At present, this extraction method
has only been used in combination with NMR analyses [14,21,22,29].

Precipitation with organic solvents separates the polar and nonpolar metabolites of the proteins
that settle at the bottom of the tube which can then be easily removed by centrifugation. This simple
method has been employed for the analysis of polar metabolites by GC-MS after derivatization [36] as
well as for the analysis of polar and nonpolar metabolites by LC-MS without further pre-processing [18].
Furthermore, this approach has been implemented in more sophisticated workflows as recently
shown by Hewelt-Belka et al. [35]. Here, the authors combined LLE and a protein precipitation and
solid-phase extraction (SPE) procedure to prepare HM samples, thereby, enabling the detection of high-
and low-abundant lipid species (e.g., glycerolipids and phospholipids) in one LC-MS run.

4. Analytical Platforms Employed in HM Metabolomics

As reflected in Table 1, the use of all analytical platforms that are commonly employed in
untargeted metabolomics studies, such as LC-MS, GC-MS, NMR, and, to a lesser extent, CE-MS, has
been reported for performing HM metabolomics. TH-NMR is the most frequently used technique [13,14,
16,20-22,26,28,29,31-33] for both, the analysis of polar and hydrophobic metabolites in HM. BBC-NMR
has been reported for the detection of triacylglycerols [20]. NMR is a highly reproducible technique that
allows a straightforward library matching after spectral alignment, while at the same time supporting
structural elucidation of detected metabolites. However, it presents lower sensitivity, and hence, the
achievable metabolome coverage is low in comparison to other analytical platforms.

All other analytical platforms rely on the use of MS detection. LC-MS provides high sensitivity and
is characterized by a huge versatility due to the availability of (i) a large selection of chromatographic
columns with a variety of stationary phases, that in combination with appropriate mobile phases achieve
compound separation based on different retention mechanisms and (ii) an array of different instrumental
configurations (i.e. different ion sources and mass analyzers). For example, reversed phase (C8, C18)
LC-quadrupole time of flight MS (LC-QTOF-MS) [15,18,27,28,35,46] and LC-Orbitrap-MS [24,25]
have been reported for the detection of both, polar and lipidic metabolites in HM; and hydrophilic
interaction LC (HILIC)-QTOE-MS for polar metabolite detection [35]. On the other hand, for the
successful screening of HM oligosaccharides, a porous graphitic carbon column installed on a LC-triple
quadrupole (TQD)-MS instrument was used [24].

GC-MS is the most suitable platform for measuring volatile compounds, while other non-volatile
compounds must be derivatized prior to analysis. For HM analysis, methoximation followed by
silylation or methylation are commonly employed (see Table 1). The most frequently used column is
the DB-5ms column for both polar and FA detection [13,17-19], in some cases with an integrated 10 m
pre-column (deactivated fused silica) [27,28,36].

Regarding CE-MS, only one study has been reported for polar metabolite detection in HM [28].
CE provides a series of advantages over other techniques, mainly due to the small sample volumes
employed and the efficient separation of polar compounds that is difficult to be achieved by LC
columns. However, issues with poor reproducibility, matrix effects and sensitivity may be hindering a
widely extended use of this technique for the analysis of complex biological samples such as HM.

Due to the diversified composition of HM, no single analytic technique can resolve the entire HM
metabolome. Only multiplatform approaches enable a comprehensive characterization providing a
high metabolome coverage including polar and nonpolar metabolites present in HM. In this sense,
two studies performing a multiplatform approach were found in the literature combining LC-MS and
GC-MS [18,27], and only one study that performed analysis using four different techniques (LC-MS,
GC-MS, NMR, and CE-MS) was reported [28].
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The use of high-end analytical platforms requires the implementation of QA and QC processes to
improve data quality, repeatability, and reproducibility, especially in untargeted metabolomics. For
practical guidelines on the use of QC measures in untargeted, MS-based assays the reader is referred
to [59]. Pooled QC samples are prepared by mixing small aliquots of the study samples, and therefore,
they are considered representative in terms of matrix composition and concentration ranges of the
metabolites present in the study samples. QC samples are analyzed repeatedly throughout the analytical
sequence alongside the study samples. The signal of each feature detected in QC samples can be used
to model and correct systematic changes in the instrument response during the analytical sequence.
Additionally, the obtained data can be used to perform intra-study reproducibility assessments
and to correct for systematic variation across batches. In HM metabolomics, Smilowitz et al. [14],
Andreas et al. [28], and Gay et al. [33] used QC samples for NMR studies, while Villasefior et al. [27],
Mung et al. [46], Hewelt-Belka et al. [35], and Alexandre-Gouabau et al. [24,25] used pooled HM
samples for QC purposes in LC-MS-based assays. Considering the highly complex sample matrix of
HM, the authors strongly recommend the implementation of QC measures, including the analysis of
QC samples, to increase reproducibility and facilitate the joint analysis of data from different studies.

5. The HM Metabolome: Compound Annotation and Coverage

As in other areas of metabolomic research, compound identification is still a major bottleneck in
data analysis and interpretation. The Metabolomics Standards Initiative’s (MSI) defines four levels
of metabolite identification, which include: identified metabolites (level 1); putatively annotated
compounds (level 2); putatively annotated compound classes (level 3); and unknown compounds (level
4) [60]. Due to the limited availability of pure analytical standards required to reach level 1, biological
databanks and spectral databases are the most important resources for metabolite annotation (levels
2 and 3). A large number of databases are available today, providing different levels of information
and complementary data on chemical structures, physicochemical properties, biological functions,
and pathway mapping of metabolites [61]. The metabolomics community classifies these resources in
several categories: (i) chemical databases; (ii) spectral libraries; (iii) pathway databases; (iv) knowledge
databases; and (v) references repositories [62].

Regarding HM metabolomics, the most frequently used databases and libraries are: Human
Metabolome Database (HMDB) [63], Metabolite and Chemical Entity Database (METLIN) [64], National
Institute of Science and Technology (NIST) library, Fiehn RTL Library [65], LipidMAPS Structure
Database (LMSD) [66], Milk Metabolome Database (MCDB) [67,68], Kyoto Encyclopedia of Genes
and Genomes (KEGG) [69], MycompoundID with the evidence-based metabolome library (EML) [70],
Chenomx NMR Suite Profiles and other online university databases, such as CEU-mass mediator [71,72].

Metabolite assignment in NMR spectra has been performed based on literature data and
commercial resonance databases, such as Chenomx NMR Suite Profiles. Metabolite annotation
was contrasted with in-house libraries containing pure compound spectra. Some of the proposed
assignments were confirmed by two-dimensional NMR spectra, such as Correlation Spectroscopy
(COSY) [13,29,31,32], Homonuclear Correlation Spectroscopy (TOCSY) [13,31,32,34], Diffusion-Ordered
Spectroscopy (DOSY) [32], Heteronuclear Single Quantum Coherence Spectroscopy (HSQC) [32,34],
and Heteronuclear Multiple Bond Correlation (HMBC) [32].

In LC-MS and CE-MS-based studies of the HM metabolome, tentative metabolite annotation has
been carried out by matching of accurate masses, isotopic profiles, and/or fragmentation patterns
to candidate metabolites in online databases such as KEGG, METLIN, LipidMAPS, and HMDB [18,
24,25,27,28,35]. In-house built databases generated by the analysis of commercial standards are also
commonly employed [24,25]. In GC-MS, retention index (RI) corrections are made by analyzing a
fatty acid methyl ester (FAME) mixture standard solution and assigning a match score between the
experimental FAME mixture and theoretical RI values based on the values contained in the Fiehn
RTL library. Furthermore, metabolites were complementarily annotated by comparing their mass
fragmentation patterns with those available in Fiehn RTL and NIST libraries [13,17-19,27,28,36].
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A comprehensive list of annotated and/or identified metabolites in HM from untargeted
metabolomics studies [14,15,17-19,21-29,31-36] is reported in Table S1. This table contains information
about the metabolites reported in each reference, such as their molecular formula, IDs (LipidMAPS
and/or HMDB IDs), the extraction procedure performed, the analytical platform used, and the detected
metabolite class. Readers can select metabolites dynamically by filtering data according to the latter
information. A total of 1187, 111, and 128 metabolites were reported using LC-MS, GC-MS, and NMR,
respectively (see Figure 4). As shown in the Venn diagram, LC-MS and GC-MS allowed the detection of
36 common metabolites (mainly carbohydrates and FAs); a total of 29 metabolites overlapped between
LC-MS and NMR (principally oligosaccharides); and 21 metabolites (predominantly amino acids and
organic acids) were commonly reported in GC-MS and NMR based studies. Only 13 metabolites
were reported by all three platforms, i.e., creatine, tyrosine, arabinose, galactose, glucose, lactose,
maltose, capric acid/caprate, caprylic acid/ caprylate, citric acid/citrate, pyruvic acid/pyruvate, hippuric
acid/hippurate, and myo-inositol. These metabolites were assigned to different classes including amino
acids, carbohydrates, FAs, and organic acids.

LC-MS GC-MS

NMR

Figure 4. Venn diagram of metabolites reported in human milk (HM) according to the technique in [73].
Note: GC-MS, gas chromatography—mass spectrometry; LC-MS, liquid chromatography—mass
spectrometry; NMR, nuclear magnetic resonance.

Based on the available data from the literature, the distribution of metabolite classes present in
HM according to each technique was assessed. As can be seen in Figure 5, the difference in detected
metabolite classes as observed by LC-MS in comparison to GC-MS and NMR is evident. Using GC-MS
and NMR, carbohydrates are the most reported metabolites in HM, followed by amino acids, organic
acids, organooxygen compounds, and organoheterocyclic compounds, with all these metabolite classes
being certainly less abundant in LC-MS studies. In the case of NMR, organonitrogen compounds
have also been reported, as well as nucleosides and nucleotides on a smaller scale. In the case of lipid
classes, fatty acyls have been identified by LC-MS and GC-MS with similar incidence and in lesser
extent by NMR. It is indubitable that lipid classes are more comprehensively studied by LC-MS assays,
where glycerophospholipids, glycerolipids, and fatty acyls are detected at relatively high abundances,
followed by sphingolipids, sterol lipids, and, to a lesser extent, prenol lipids.

Table 2 shows a list of metabolites reported in > 80% of studies employing either LC-MS, GC-MS,
or NMR-based assays. This table is intended to aid method development of future untargeted
metabolomics workflows tailored to the study of the HM metabolome, as it shows a shortlist of
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metabolites that should be detected by each platform regardless of the instrumental settings employed.
It should be noted that due to the high versatility of LC-MS, there is a greater variation in metabolites
recorded and in return, the list of consistently reported metabolites in HM across studies is shorter
than for NMR and GC-MS, where differences in experimental conditions and variations between the
employed detection parameters and instruments are smaller. Again, this table represents the high
orthogonality between the detected metabolites using NMR and LC-MS. While the use of LC-MS is
clearly of advantage for the measurement of different lipids, NMR provides information on amino
acids and small organic acids. Metabolome coverage provided by GC-MS falls in-between the other
two platforms, consistently providing information on lipids, sugars, amino acids, and organic acids.

100

[ Fatty acyls

I Glycerolipids

[ Glycerophospholipids

80 | { | Sphingolipids

[ Sterol lipids

[]Prenol lipids

[ Carbohydrates and carbohydrate conjugates

60 - ‘| |2 Otganic acids and detivatives

[["]Organocheterocyclic compounds

[__]Organo oxygen compounds

40| | |[Z]Organo nitrogen compounds

[ Amino acids peptides and analogues

[ Nucleosides nucleotides and analogues
I Other

Relative Abundance (%)

20+

LC-MS GC-MS NMR

Figure 5. Distribution of metabolite classes annotated and/or identified in HM according to technique.
Note: GC-MS, gas chromatography—mass spectrometry; LC-MS, liquid chromatography—mass
spectrometry; NMR, nuclear magnetic resonance.

Table 2. Most frequently reported metabolites (>80% of studies) according to technique.

Metabolite class LC-MS GC-MS NMR
Linoleic acid (C18:2) Oleic acid (C18:1)
Fatty acyls Oleic acid (C18:1) Palmitic acid (C16:0) -
Palmitoleic acid (C16:1) Stearic acid (C18:0)
Glycerolipids DG (36:1) - -
Glycerophospholipids LysoPC (16:0) - -
Carbohydrates and ~ Fructose
carbohydrate conjugates Fucose Lactose
Ribose
Organic acids and _ Malic acid é?ﬁt:tf
derivatives Urea L
actate
Organo nitrogen ) B Choline
compounds
Alanine
Alanine Creatine
Glutamate Glutamate
Amino acids, peptides, Glycine Glutamine
and analogues ) Pyroglutamic acid Isoleucine
Serine Leucine
Valine Tyrosine
Valine

GC-MS, gas chromatography—mass spectrometry; LC-MS, liquid chromatography—mass spectrometry; NMR,
nuclear magnetic resonance; DG, diacylglycerol; PC, phosphatidylcholine.
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6. Conclusions and Future Perspectives

In less than a decade, 26 research papers have been published trying to shed light on the complex
and dynamic composition of HM and the feasibility of different options for sample extraction and
metabolite detection has been demonstrated. Due to the many factors that influence HM composition,
a thorough study design including SOPs for milk extraction, collection, and storage is indispensable for
obtaining biologically meaningful results. Multi-platform approaches are encouraged for providing
adequate metabolome coverage, as the diversity of compounds contained in HM will not be properly
reflected using one single assay. In line with metabolomics workflows tailored to other sample types,
the reproducibility of HM metabolomics studies will benefit from the implementation of QA/QC
procedures. Automated metabolite annotation and identification with pure chemical standards is
warranted and the authors encourage the use of publicly accessible platforms for enabling the exchange
of raw data for comparison between studies.

Supplementary Materials: The following are available online at http://www.mdpi.com/2218-1989/10/2/43/s1,
Table S1: List of metabolites annotated and/or identified in HM metabolomic studies.
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Abstract: Plant-derived natural products have long been considered a valuable source of lead
compounds for drug development. Natural extracts are usually composed of hundreds to thousands
of metabolites, whereby the bioactivity of natural extracts can be represented by synergism between
several metabolites. However, isolating every single compound from a natural extract is not always
possible due to the complex chemistry and presence of most secondary metabolites at very low levels.
Metabolomics has emerged in recent years as an indispensable tool for the analysis of thousands of
metabolites from crude natural extracts, leading to a paradigm shift in natural products drug research.
Analytical methods such as mass spectrometry (MS) and nuclear magnetic resonance (NMR) are used
to comprehensively annotate the constituents of plant natural products for screening, drug discovery
as well as for quality control purposes such as those required for phytomedicine. In this review,
the current advancements in plant sample preparation, sample measurements, and data analysis
are presented alongside a few case studies of the successful applications of these processes in plant
natural product drug discovery.

Keywords: metabolomics; plant natural products; drug discovery; metabolite extraction; liquid
chromatography; gas chromatography; mass spectrometry; NMR

1. Introduction

Nature provides a rich source of numerous bioactive compounds that have been extensively
employed in traditional medicine since time immemorial [1]. In recent years, the Food and Drug
Administration (FDA) has approved an impressive number of modern drugs that are also natural
products or directly derived therefrom [2]. These mostly constitute compounds belonging to secondary
metabolic pathways with prominent examples including taxol from Taxus brevifolia, vinblastine from
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Catharanthus roseus, doxorubicin from Streptomyces peucetius, and cyclosporine from Tolypocladium
inflatum [3,4]. The first step in the discovery of lead compounds from natural sources is the release
of bioactive metabolites from their biomass through various extraction techniques viz., supercritical
fluid extraction [5,6], microwave-assisted and ultrasonic-assisted extraction [7], molecular distillation
methods [8], and membrane separation technology [9]. Moreover, bioassay-guided fractionation using
chromatographic methods such as preparative high performance liquid chromatography (HPLC) is
applied for the isolation and purification of active metabolites from their crude extracts [10]. Further
technologies such as nuclear magnetic resonance spectroscopy (NMR), mass spectrometry (MS), and
ultraviolet-visible spectroscopy (UV-Vis) have allowed the detailed characterization and ultimately, the
structural elucidation of these agents [11]. Finally, the bioactivity (effects in cell lines, animal models,
and human volunteers) is investigated for assessing the pharmacological potential of the candidate
compounds. Nevertheless, some pitfalls were observed when employing this classical approach for
lead compound discovery, where degradation or chemical modification of the bioactive compounds
during the process of isolation and purification often occurs. Furthermore, important biological
information that was present in the original extract might be lost during activity-guided fractionation
as the samples are not fully analyzed [12]. Moreover, better therapeutic effects were reported when
using the whole extracts, as practiced in traditional medicine, rather than a single-compound based
remedy. This effect could be attributed to the synergy between bioactive components (e.g., studies
showed the synergistic effects of different plant extracts and doxorubicin in cancer treatment [13],
Apocynaceae plants and antibiotics against Acinetobacter baumannii [14], and catechin and resveratrol
as antioxidants [15]).

Unlike the classical approach in natural products research, metabolomics experiments offer an
improved expedited route for drug discovery [16]. The basic goal of metabolomics is to provide a
comprehensive qualitative and/or quantitative analysis of all metabolites present in a living system [17].
Interestingly, this concept could be extended in natural product drug discovery via studying the
relationship between the whole metabolome of natural-derived remedies and their biological effects [18].
Implementing such an approach not only overcomes the aforementioned pitfalls of the classical
techniques used in natural product research, but also provides a broader insight of the biochemical
status and gene functions of the studied organisms. Furthermore, the signature between specific
compounds in the metabolome and their bioactivity could also be revealed, aided by advanced
bioinformatics tools, a process that can be highly useful in pharmacological standardization and
biological fingerprinting of natural extracts [19]. The workflow of metabolomics experiments involves
an efficient extraction of these endogenous metabolites to be subjected for qualitative and quantitative
analysis. However, unlike other omics technologies, no single analytical platform is capable of
analyzing all metabolites simultaneously due to their extreme complexity and huge chemical diversity.
Recent developments in analytical chemistry platforms such as hyphenating mass spectrometry
with gas chromatography (GC), liquid chromatography (LC) or capillary electrophoresis (CE), and
nuclear magnetic resonance (NMR) spectroscopy have led to a highly efficient set up for metabolome
analysis [20], however, these do not yet reach comprehensibility [21]. Although huge datasets are
generated from these instruments, the evolution of chemometrics and multivariate data analysis
algorithms provides a powerful tool for extracting useful information from such high dimensionality
results [22]. They enable, for example, the detection of compounds that correlate to the medicinal
efficacy in test animal or human systems based on their analytical spectral fingerprints [23]. Moreover,
pattern recognition and classification algorithms have also allowed the implementation of metabolomics
as an effective tool for the quality control of herbal medicinal products [24,25]. Nevertheless, metabolite
identification remains the most challenging aspect of metabolomics experiments [26]. Large mass
spectral and NMR spectral databases have been created to untangle such problems [27]. Furthermore,
bioinformatics tools based on molecular networking such as GNPS [28] and MetGem [29] have been
implemented not only to assign known metabolites from their complex mixtures, but also to elucidate
the chemical structures of novel compounds of interest.
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This review will discuss the recent developments of metabolomics in the context of plant natural
product drug discovery including current advances in sample preparation techniques and analytical
profiling platforms. In addition, computational tools employed for metabolomics data processing and
metabolites identification are reviewed. Finally, some successful applications of metabolomics in the
identification of bioactive agents and in the quality control of natural products are outlined, and an
outlook for the increasing use of metabolomics in these fields is provided.

2. Sample Preparation for Metabolomic Studies

In metabolomics studies, biological samples are collected, extracted, measured, and finally, the
resulting data are analyzed (Figure 1). Sample preparation is a crucial step in metabolomics as it greatly
affects the reliability of the metabolomics results. Minor changes in the sample collection, extraction,
or storage greatly affect metabolite stability and hence can lead to major changes in the observed
metabolome. Metabolomics samples have to be collected uniformly and rapidly to avoid changes due
to the fast enzymatic turnover rate [30]. The ultimate aim is to minimize the biologically-irrelevant
changes resulting from sample processing. Improper handling of biological samples is the most
likely source of bias in metabolomic studies [30]. In order to validate plant metabolomics studies, the
minimum parameters related to experimental design, sample extraction to data analysis should ideally
follow the Metabolomics Standards Initiative (MSI) [31].

Sample preparation

Treatment: e.g. Drying,

[ Sample collection/ Harvesting ] quenching, grinding

l

[ Sample extraction

!

Data acquisition

] Treatment: e.g. concentration,
resuspension, derivatization

[ Analytical measurement ]

} !

[ MS-based analysis ] [ NMR-based analysis ]

} }

Data mining/ analysis

[ Data Pre-processing ]eg‘ Filtering, alignment
|

(bt Pretreatment ]z, Mg e ctmaton
|

[ Statistical analysis ]e.g. Multi- and univariate analysis
|

[ Peak annotation ]Compound identification

}

Results interpretation

Figure 1. Key steps of a plant metabolomics study. Additional steps can be performed or modified in
certain approaches based on the analytical methods or point of interest.
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2.1. Sample Collection

A wide range of biological samples have been extensively reported in metabolomics studies. This
includes tissues (animal-and plant-derived tissues), fluids (such as urine, whole blood, serum, sweat,
cerebrospinal fluid, breast milk, amniotic fluid, saliva, etc.), and cell cultures (human, animal, plant,
algae, etc.) [32,33]. Such complex samples have different matrices, and therefore, require different
sample preparation protocols. Here, we focus on natural products that are mainly derived from plant
origin, while also giving a general overview of other tissues. Depending on the natural abundance of
some metabolites and the level of detection, various amounts of biological material per sample have to
be considered. Usually, 1-100 mg of tissue, 10—250 pL of fluids, or 10°~107 cells per each biological
replicate is required [33]. A minimum number of 3-5 biological replicates is recommended for each
condition in metabolomic studies [31]. Biological replicates (parallel measurements of samples from
different individuals) rather than technical replicates (repeated measurements of the same sample) are
to be considered [34].

2.2. Harvesting Methods

Sample freezing methods such as using dry ice or liquid nitrogen are highly recommended during
the harvesting of fresh samples to avoid enzyme-induced metabolic changes [31]. Removing unwanted
components such as soil particles is also recommended before collection. Long-term storage of samples
prior to extraction should, however, be avoided. For short term storage (e.g., for few days up to two
weeks), samples can be kept in liquid nitrogen, dry ice, or a =80 °C freezer [31]. Prior to extraction,
the harvested samples can be exposed to processing methods such as lyophilization, cell lysis, and/or
grinding, depending on the biological material. The conditions related to cultivation parameters,
collected tissue type, seasonality, developmental stage, harvesting time, and sample processing should
be reported for each condition since metabolites are greatly affected by such parameters [35], with
environmental aspects being reported to induce both qualitative and quantitative variations in the
metabolite composition of both plant primary and secondary metabolites [36].

2.3. Sample Extraction

Unlike the genome and proteome, which can be captured using a single extraction protocol, the
metabolome is difficult to capture within a single solvent due to the diverse chemistry of metabolites [37].
Therefore, complex biological samples, which as stated above, have different matrices, and therefore,
require different extraction protocols. Generally, metabolites are preferentially extracted with the
solvent following the rule of thumb “like dissolves like”. Polar and semi-polar metabolites can be
extracted with hydrophilic solvents such as hydro-alcoholic solutions, while, lipids can be extracted
with more hydrophobic solvents. Several protocols for metabolome extraction have been developed
and extensively reviewed [32,33,35,38—40]. The selected method must be rapid and efficient, whilst at
the same time, cover a wide range of target metabolites, thus maintaining a high level of precision
and accuracy.

Liquid-liquid fractionation provides significant simplifying steps compared to single extraction
methods [41]. Partial purification of each fraction is achieved via removing interfering compounds
such as hydrophobic molecules that are enriched in lipophilic solvents and more polar metabolites
in hydrophilic solvents [42]. While different extraction protocols are varied with regard to the
selected solvent(s) and the amount that is to be used, most protocols include a deproteinization
step. The presence of proteins in the analyzed samples can severely affect the instrument’s accuracy,
precision, and lifetime [43]. Extraction efficiency can usually be enhanced by selecting an extraction
solvent mixture consisting of one or two steps compared to single extraction solvent [33]. Liquid-liquid
extraction methods were based on the so called gold standard extraction protocols of the ‘Folch” and
‘Bligh and Dyer’ methods utilizing chloroform/methanol mixture in different proportions [44,45].
Liquid-liquid extraction using chloroform/methanol/water have been used for the analysis of lipids
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and polar metabolites [46—49]. As a cleaner and safer solvent, methyl tert-butyl ether (MTBE) has
also been used as an alternative to chloroform for liquid-liquid extraction [50], particularly for
the recovery of metabolites and lipids from bacterial, plant, algal, flies, and diverse mammalian
samples [41,42,51-60]. The use of isotope-labeled internal standards during sample preparation is
recommended to assess matrix effects [39,61]. For the selection of suitable solvent(s) and an extraction
method that is suitable for different metabolite classes, readers are referred to the available extraction
protocol reviews [32,35,39,40,62,63].

2.4. Extract Concentration, Dilution, Enrichment, and Re-Suspension

In addition to liquid-liquid extraction, other methods such as organic solvent precipitation as
well as single step or multiple step solid-phase extraction (SPE) have also been used to partially purify
samples prior to analytical measurement [64]. After sample extraction, solvents are evaporated to
concentrate the metabolites. Samples are typically concentrated in a vacuum concentrator at room
temperature without heating. The use a nitrogen flow evaporator is recommended in cases where
metabolites are sensitive to oxidative modifications as, for example, some lipids. Finally, the dry
extracts are typically resuspended in an analysis-compatible solvent [43]. Dried samples can be
subjected to further steps such as derivatization before GC/MS analysis [49]. Short term storage of
extracted liquid samples, even at low temperature (=20 °C), is not recommended, however, samples
can be stored, if necessary, in a dry state for a short time prior to analysis [65].

3. Analytical Methods for Metabolites Analysis

The diversity of metabolites in the plant kingdom is staggering; a commonly quoted estimate
is that plants produce somewhere between 100,000 and one million metabolites [66,67]. Metabolite
measurements have been carried out for decades because of the fundamental regulatory importance of
metabolites as components of biochemical pathways, the importance of certain metabolites in the human
diet, and their use as diagnostic markers for a wide range of biological conditions including disease
and response to chemical treatment [37]. There are wide ranges of metabolomics approaches, which
ultimately aim to measure the entire small molecule complement of the cell. Current metabolomics
strategies are mainly reliant on four major approaches: gas chromatography-mass spectrometry
(GC-MS), liquid chromatography-mass spectrometry (LC-MS), capillary electrophoresis-mass
spectrometry (CE-MS), and nuclear magnetic resonance (NMR) spectroscopy. A number of detailed
protocols [49,63,68,69], in addition to several excellent technical reviews [70,71] regarding the utilization
of these analytical tools in metabolomics experiments, have been published, however, a brief technical
overview of these four major methods is provided herein.

3.1. Gas Chromatography-Mass Spectrometry (GC-MS)

GC-MS has been one of the most popular metabolomics techniques to measure the levels of volatile
and semi-volatile organic compounds in a wide variety of samples. In GC-MS, polar metabolites are
derivitized to render them volatile and then separated by GC. Various derivatization methods such as
alkylation, acylation, methoximation, trimethylsilylation, and silylation can be used [72,73]. Electron
impact ionization results in highly reproducible fragmentation patterns that are essential for large-scale
experiments [37]. A greatadvantage of GC-MS s that itis both relatively sensitive and highly robust, and
can routinely and reproducibly measure hundreds of analytes across thousands of samples [72,74-76].
Thatsaid, a technical challenge in GC-MS profiling is to separate each metabolite signal from overlapping
peaks in the raw GC-MS chromatogram [77]. Several peak-picking software packages equipped with
sophisticated peak deconvolution functions are available to deal with a relatively high-throughput data
of thousands of samples [77]. In addition, various databases have been developed to aid in assigning
structures to spectral peaks observed in metabolomics experiments [78-80]. Furthermore, limitations of
GC-MS have recently been improved by the development of two-dimensional GC x GC coupled with
high resolution mass spectrometry [81-84]. In this approach, two columns with different properties
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(non-polar vs. polar) are connected through a modulator, allowing further separation of compounds
that co-elute from the first column, thereby giving rise to enhanced resolution and peak capacity [85,86].
The GC-MS method has had myriad applications in plant, pharmacological, and medical metabolomics
studies, and is considered as one of most suitable techniques of the accurate determination of primary
metabolites, however, it is severely compromised in measuring some secondary metabolites. Several
classes of volatile and non-volatile metabolites such as phenolics, alkaloids, and terpenoids have been
analyzed and identified by GC-MS [79,87].

3.2. Liquid Chromatography-Mass Spectrometry (LC-MS)

Liquid chromatography-mass spectrometry (LC-MS) has become the most comprehensive
technique to measure a wide range of diverse metabolites. Unlike GC-MS, it does not require
prior sample treatment, and crude extracts obtained by simple extraction can be introduced directly
to the LC-MS. The choice of columns including reversed phase, ion exchange, and hydrophobic
interaction provides metabolite separation on the basis of differential chemical properties. Nowadays,
reversed-phase columns such as C18 or C8 are the most commonly used for LC gradient separation [63].
The development of ultra-performance LC rendered the technique even more powerful with regard to
resolution, sensitivity, and throughput. LC-MS is a unique method for measuring plant secondary
metabolites such as flavonoids and alkaloids [88-90], membrane lipids (lipidomics) [60,91,92], and
primary metabolites such as amino acids [93]. Despite the fact that LC-MS is the most comprehensive
technique in hand, LC-MS by no means approaches the metabolic complement of a typical plant cell [21].
This is mainly due to the poor availability of standard compounds for secondary metabolites [94].
In the past years, a considerable improvement in the number of metabolites that can be measured and
annotated has been realized, which is mainly due to the improved machine performance afforded by
the development of Ultra-Performance Liquid Chromatography (UPLC) coupled with high-resolution
mass analysis methods such as time-of-flight (TOF) MS, Fourier transform (FT) MS, and Orbitrap-based
MS [88,90,95,96]. In addition, this improvement has relied on increased efforts in the collection of
standard compounds and sharing of reference extracts [97-99] for use in peak annotation authentication
and by the increased sophistication of computational approaches for compound annotation (see the
web resources listed in [27,100]).

3.3. Capillary Electrophoresis-Mass Spectrometry (CE-MS)

Capillary electrophoresis (CE) separates polar and charged compounds on the basis of their
charge-to-mass ratio [74]. CE offers fast and high-resolution separation of charged analytes from small
injection volumes. Coupled to mass spectrometry (MS), it represents a powerful analytical technique
providing (exact) mass information and enables molecular characterization based on fragmentation.
Although exquisitely sensitive and able to readily capture metabolite classes that the other platforms
do not, including nucleotides and highly charged metabolites [101], CE is time consuming and is
further hampered by the fact that it covers a range of metabolites that have highly diverse extraction
requirements. Therefore, the use of CE-MS in plant metabolism remains relatively rare [74,102].
In addition, CE has poor migration time reproducibility and a lack of reference libraries, which may
only be partially overcome by the prediction of migration time [103,104]. However, CE has some
distinct advantages over other instruments employed for metabolomics: mainly the facts that it
utilizes low separation volume, which is particularly suitable for the study of biological fluids in small
experimental animals, and operates under a homogeneous separation environment [105].

3.4. Nuclear Magnetic Resonance (NMR)

NMR spectroscopy is a powerful analytical tool that has traditionally occupied a vital position for
structure elucidation of natural products [106-110]. Unlike MS, NMR is not discriminatory and is less
biased as the results does not rely on the type of ionization condition or the preferences of the used
instruments [111]. Hence, this technique allows for the simultaneous detection of the abundant primary
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metabolites (organic acids, amino acids, and sugars) alongside secondary metabolites (alkaloids,
terpenoids, and flavonoids) as typically found in plant natural extracts [112]. In addition, NMR
is a very useful technique for the structure elucidation of novel and/or unexpected compounds
including those with identical masses and/or different isotopomer distributions [12,113]. Moreover,
NMR-based methods are highly reproducible, noninvasive, nondestructive, and require minimal
sample preparation as the sample does not get in physical contact with the device as in MS [114].
Another major strength in NMR spectroscopy lies in the direct proportionality between the NMR
spectrum signals and the corresponding real molar levels of the detected metabolites, making absolute
quantification of all detected metabolites possible without the need for calibration curves of individual
analytes, posing it as a powerful tool in quality control purposes of drug extracts [115]. However, a
five times delay of the spin-lattice relaxation times (T1) of the slowest relaxing nuclei in the extract is
essential in such quantitative experiments to avoid baseline distortions and increase the accuracy of
signal integration. This will significantly increase the duration of these experiments compared to other
routine NMR metabolomics methods.

Nevertheless, NMR also has a number of disadvantages in metabolomics analysis [116].
The technique’s major disadvantage is the low sensitivity as the polarization rate of the active
NMR nuclei obeys the Boltzmann distribution law. However, recent developments in NMR hardware
have at least partially improved this drawback to some extent. The use of superconducting magnets
that are commonly operated in metabolomics experiments at field resonance of 600 MHz can increase
the sensitivity and resolution of the detected signals [117]. Moreover, the development of cryogenic
probes in which the electronics are cooled down to a very low temperature (e.g., 20 K) has resulted in a
better sensitivity than standard probes via keeping the noise generated due to random thermal motion
of electrons at a minimum [118]. There are currently two types of cryoprobe available, the first is cooled
by a closed cycle helium cooler system, which yields a signal-to-noise enhancement up to a factor of
five. The second type is a liquid nitrogen-cooled system, commonly used in metabolomics experiments,
that is able to provide a sensitivity enhancement of up to a factor of three, but with the capability to
be cooled down and warmed up relatively quickly [119]. However, such probes may be of limited
relevance for samples with high ionic and/or dielectric conductivity such as those with salts or polar
solvents, commonly encountered in plant-derived samples [120]. That said, the low concentrations
of natural products remains a limitation of NMR analysis. To partially compensate for this, special
probes known as microprobes have been also developed in which the analysis of a few microliters of
samples could be possible, thus overcoming the limited availability of the samples [121] as is typical in
natural product studies. Dynamic nuclear polarization (DNP) is another interesting advancement that
has also been employed to enhance the sensitivity of NMR signals. The fundamental principle behind
DNP involves transferring the polarization of the electron spins to the nuclei of interest via microwave
irradiation close to the electron Larmor frequency, resulting in a temporary hyperpolarization in this
spin-active nuclei (usually naturally abundant 13C, 1N, and 'H). After the polarization transfer step is
completed, the sample is transferred to the NMR spectrometer to collect the enhanced (>1000-fold)
NMR signals [122].

3.4.1. 2D NMR Based Metabolomics Strategies

Although NMR methods have largely been employed primarily to identify compounds from pure
samples as in classical natural product research, they have recently played a larger role in the analysis
of mixtures of unfractionated natural extracts [123]. The bottleneck in such complicated analysis is the
congregation of the 'H NMR spectra, which could be untangled using two main strategies. The first
strategy aims to simplify the abundant 'H NMR spectra through the use of diffusion and/or relaxation
filters or through creating a projection of the 'H decoupled spectrum like in 2D 'H J-resolved NMR
experiments. Relaxation filters are pulse sequences that selectively attenuate, or even remove, signals
of components with shorter T1 or spin—spin relaxation times, T2 [124]. Hence, they could be utilized to
simplify the 'H NMR spectra through selective elimination of signals belonging to high molecular
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weight or rigid structure (quickly relaxing) compounds. They have also been implemented to attenuate
water signals using the water attenuation T2 relaxation Carr-Purcell-Meiboom-Gill (WATR-CPMG)
pulse sequence [125]. On the other hand, diffusion filter based experiments such as diffusion ordered
spectroscopy (DOSY) commonly simplify 'H NMR spectra based on the difference of the translational
diffusion coefficients between molecules of different molecular size, achieving what has be described
as “NMR chromatography” [126]. The DOSY experiments can be performed in 1D mode, where two
or more 'H NMR experiments are acquired for compounds possessing different diffusion coefficients
or in 2D mode (2D DOSY), where the proton spectrum is depicted in one dimension and the diffusion
coefficient is spread in an orthogonal dimension [127]. Interestingly, the extension of 2D DOSY to 3D
DOSY is gaining much popularity in metabolomics analysis via incorporating another proton dimension
as in 3D COSY-DOSY and 3D TOCSY-DOSY, or another carbon dimension as in 3D DOSY-HSQC [128].
Such DOSY methods have been recently applied in quality control and metabolic fingerprinting
of commercial natural extracts [128,129]. Furthermore, they have also been used to identify novel
metabolites from natural resources, for example, novel bromopyrrole alkaloids, and agesamides A and
B were identified in the crude bromopyrrole fractions from Okinawan marine sponges using the 2D
DOSY method [130]. 2D 'H J-resolved NMR experiments represent another approach that simplify H
NMR spectra where the overlapping resonance of the 'H dimension is resolved through representing
the coupling constant of each signal (J value) in a second dimension [131]. 2D H J-resolved NMR
has been widely used in metabolomics classifications studies [24,132], however, prior knowledge of
the chemical composition of the studied samples is required, which make this experiment of limited
utility in the analysis of novel compound discovery [108]. On the other hand, a newer approach called
pure-shift "H NMR spectroscopy has emerged in which better removal of homonuclear ] couplings has
been achieved [133]. In this experiment, ] coupling multiplicities are collapsed into single lines via
implementing specific pulse sequences that result in a broadband homo-decoupled spectrum. This
method has been applied recently to investigate the metabolome of Physalis peruviana fruit aqueous
extracts [134]. The simplified data allowed for the identification of glutamic acid, a metabolite not
observed in previous studies of the same extract due to the heavy overlap of its NMR signals.

The second strategy that can reliably handle 'H NMR overlapping peaks is the spreading of
the crowded 'H NMR peaks in a second frequency dimension via magnetization transfer [135]. This
transfer could be between nuclei of the same type as in H-H correlated spectroscopy (COSY) and H-H
total correlated spectroscopy (TOCSY), nuclei of different types such as heteronuclear single quantum
coherence spectroscopy (HSQC) and heteronuclear multiple bond correlation (HMBC) experiments, or
through space as in nuclear overhauser effect spectroscopy (NOESY) and rotating frame overhauser
enhancement spectroscopy (ROESY) experiments [135]. Full details of these common 2D NMR methods
that have been used extensively in metabolomics analysis of natural products, and are thus beyond the
scope of this review, but can be found elsewhere [12,108,135,136]. It is noteworthy to mention that
spreading the crowded signals in indirect proton dimensions such as in COSY and TOCSY results
in a relatively short acquisition time due to the high natural abundance of protons, however, some
overlap might still exist as a region of only 10 ppm is employed. In contrast, using carbon as a second
dimension such as in HSQC and HMBC will require a much longer acquisition time, but allow the
resolution of the overlapping signals and the indirect dimension to be increased to more than 200
ppm units. Nevertheless, it should be noted that acquiring data using HSQC or HMBC can aid
in the detection of less abundant compounds compared to the direct acquisition from the carbon
channel as it is typical in '>*C-NMR. It is worth mentioning that different pulse sequences have been
developed for quantitative HSQC experiments. For example, a new phase modulated pulse sequence
called the quantitative, offset-compensated, CPMG-adjusted HSQC (Q-OCCAHSQC) experiment
has been proposed to enable the use of HSQC spectra for the quantitative determination of many
primary metabolites [137]. However, a combination of different 2D NMR experiments is favored for
better analytical performance and enhanced identification strategies (e.g., COSY, (1H,13C)-HMQC,
(1H,13C)-HMBC, and NOESY) were used to analyze the unfractionated defensive secretion of the
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walking stick Parectatosoma mocquerysi identifying the novel monoterpene parectadial [138]. COSY,
HMQC, and HMBC have also aided in the identification of six terpenoids/sterol secondary metabolites
in the crude extract of Sarcophyton marine coral [139]. Similarly, a combination of 'H, 'H COSY,
HSQC, and HMBC have identified and quantified structurally related «- and p-bitter acids and
their degradation products in hop resin [140] using run times comparable to those used in HPLC.
Interestingly, in the same study, HMBC spectra coupled with multivariate techniques were utilized
as a novel approach for the classification of 13 commercial hop cultivars. Application of 2D-NMR
metabolomics for drug discovery is considerably easier in cases where the secondary metabolites are
naturally abundant as typical in the case of hop resin, which contains much lower levels of primary
metabolites [54]. In an interesting application of 2D NMR methods, differential analyses of NMR
spectra (DANS) has been oriented for natural products drug discovery and comparative metabolomics.
DANS uses a simple algorithm that graphically compares the 2D NMR spectra of different biological
states to spot the peaks that are discriminatory among this set of spectra. For example, 2D double
quantum filtered (DQF)-COSY was employed for DANS analysis of seven different culturing protocols
of the filamentous fungus, Tolypocladium cylindrosporum, leading to the detection and identification of
two novel indole alkaloids, TC-705A and TC-705B, in the unfractionated extracts [141]. Furthermore,
DQEF-COSY experiments have been applied for the identification of signaling molecules in the model
organism Caenorhabditis elegans [142] and polyene antibiotic “bacillaene” from Bacillus subtilis [143]. On
the other hand, multidimensional NMR experiments have already been used to increase the resolution
of the newly developed benchtop NMR instruments [144]. Benchtop NMR provides inexpensive and
direct NMR access within any metabolomics laboratory, however, they suffer from decreased chemical
shift dispersion and peaks overlapping as they are typically operated in the range of 40-80 MHz proton
resonance frequency [145]. Benchtop NMR maintain the same J-coupling frequency as the high field
instruments since it is independent of the Larmor frequency, making it suitable for some metabolomics
and quality control applications, particularly in 2D modes [146].

3.4.2. Solid State NMR Based Metabolomics

Another exciting application of NMR spectroscopy is the analysis of semi-solid samples such
as fresh plant leaf or intact tissues via the implementation of high resolution solid state magic angle
spinning (HR-MAS) NMR [147]. In this technique, the sample is mixed with a minimal volume of
solvent. Next, an NMR spectrum is acquired using a special HR-MAS probe rotated at the angle
of 54.74° (the ‘'magic angle’) and a spinning rate of 4 kHz. HR-MAS NMR provides spectra with a
similar resolution to that of classical liquid-state NMR techniques due to the elimination of chemical
anisotropies and dipolar coupling that hamper analysis of the solid states samples. This technique
requires few sample preparation steps, thus it is gaining much attention in the quality control of
herbal medicine and food analysis [148,149]. HR-MAS NMR has been also reported for the metabolic
profiling of red algae [150], carrot [151], and Arabidopsis [152] tissues. However, the method is
not fully quantitative as the local microenvironment in tissues or cells (e.g., pH) could affect the
metabolite chemical shifts, thus hindering its potential, as does the difficulty in incorporating a
reference compound [153].

3.4.3. Hyphenated NMR-Based Metabolomics

Whereas standalone NMR spectroscopy has unquestionable merits, on-line hyphenation of
separation techniques and NMR spectroscopy (HPLC-NMR) can provide another powerful workflow for
de novo identification of novo natural products in crude extracts [154,155]. In hyphenated HPLC-NMR,
a flow cell matching the HPLC module is used instead of conventional NMR probes [156]. The separated
analytes are eluted from the HPLC column to the crossed flow cell, and their on-line—'"H NMR spectra
arerecorded. Some drawbacks were observed in this setup, particularly in the case of applying a gradient
mobile phase [157]. Hence, most instrumental setups have changed from on-flow cell to stopped
flow HPLC-NMR, and further to the loop/cartridge storage devices that showed wider application
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in natural product chemistry [158,159] and secondary metabolite identification [160]. Another major
development in hyphenated NMR techniques is high-performance liquid chromatography-solid
phase extraction-NMR spectroscopy (HPLC-SPE-NMR)where a post-column SPE cartridge is used
as an analyte enrichment device prior to NMR acquisition [161]. In this setup, the HPLC eluted
component is allowed to be captured onto a solid adsorbent, allowing the HPLC mobile phase
to be removed. The adsorbed analyte is then transferred to the NMR probe using the minimal
volume of solvents with sufficient elution power (e.g., CD30D, CD3CN). The decrease in analyte
chromatographic peak volume via the use of minimal solvent confers increased sensitivity of this
technique over conventional HPLC-NMR, in addition to significant cost reduction since employing
a deuterated HPLC mobile phase is no longer mandatory [162]. However, careful optimization of
SPE trapping is necessary from an analytical point of view, as some metabolites may not be trapped
onto the SPE stationary phase. In addition, the use of a small volume of deuterated NMR solvents for
flushing the required analyte from the SPE stationary phase is a critical parameter that needs to be
carefully optimized. HPLC-SPE-NMR has been applied in the structural characterization of secondary
metabolites belonging to different classes including flavonoids [163], terpenoids [164], steroids [165],
aromatic alkaloids [166], diarylheptanoids [167], iridoids [168], and saponins [169] and has great
potential in fields such as chemical ecology in which targeted metabolites are often signaling molecules
present at low levels [170]. Furthermore, multiple complementary hyphenated approaches including
PDA and MS have been integrated with HPLC-SPE-NMR as versatile platforms for authentication and
the structural identification of secondary metabolites directly from extracts [171,172]. The sample is
split after the initial HPLC separation with a small portion being routed for PDA and MS analysis and
the remainder to the SPE cartridges for collection [173]. HPLC-PDA-MS-SPE-NMR has been used for
the dereplication of six novel quinolinone alkaloids, named haplacutine A-F from the Haplophyllum
acutifolium crude extract [174] and 23 coumarins including six new compounds from the crude ethyl
acetate extract of Coleonema album leaves [175] and even minor metabolites could also be detected and
fully characterized using this advanced platform [176]. These developments thus suggest that NMR,
despite its lower sensitivity will retain a role in role in drug discovery in the decades to come.

4. Metabolomic Data Processing and Interpretation

GC-MS, LC-MS, and NMR are arguably the most relevant techniques within the context of natural
product discovery. GC-MS is a robust platform with great peak resolution in the chromatographic
dimension, capable of providing both stable separation and mass spectra fragmentation via its most
common ionization source, namely electron ionization (EI). This renders data processing as well as
metabolite annotation relatively facile for GC-MS. Well established methods for obtaining robust
retention indexes based on series of standards [49], together with the great stability of EI spectra,
result in an outstanding machine independent reproducibility of the results obtained and facilitate the
use of standard databases for the identification of analytes such as the Golm Metabolome Database
(GMD) and MassBank of North America (MoNA), among others [27]. The high resolution of the
chromatographic separation and stability of ionization also facilitates the deconvolution of mass
features into compound mass spectra and several relatively user-friendly tools are available that
are capable of performing all steps from the raw data to peak area and assessment and metabolite
annotation matching against databases [177-179]. However, the portion of the metabolome that can
be covered by GC is significantly limited by the necessary properties of its analytes, namely, being
volatile and stable at the high temperatures of analysis. Several compounds can be derivatized to fit
such properties, this is unfortunately not the case for most natural products. Moreover, compound
annotation relies almost exclusively in matching against known compounds in databases. De novo
annotation of compounds based solely on an analyte mass spectra and chromatographic behavior is
uncommon. This is because the interpretation of EI spectra is very complex due to the high degree
of fragmentation, which can be partially mitigated by the adoption of a milder ionization source
such as chemical ionization. Finally, GC has a disadvantage in relation to LC as it cannot be easily
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translated into a purification technique for further characterization of unknowns by more powerful
structural techniques such as NMR. Still, a few interesting attempts have been made in expanding
GC-MS structural elucidation such as the work by Matsuo et al. [180]. Here, the authors achieved
considerable improvements over traditional spectra and retention index matching approaches by
integrating multiple cheminformatics procedures including the use of quality controls to reduce mass
spectra background noise and remove artifact peaks, principal component analysis for the selection of
biologically relevant variables, EI-MS spectral search in databases, and both retention index filtering
and predictions [180]. A further peculiarity of GC-MS is the lack of linearity with respect to quantitation
across peaks, requiring quantitative analysis to be made on an analyte by analyte basis [181,182].

LC-MS is the most versatile technique in terms of metabolome coverage and certainly the most
relevant for rapid dereplication of natural products in complex mixtures. Its high sensitivity combined
with the multitude of stationary phases with different chemistries and ionization sources covering
a broad spectra of different compounds allows it to be optimized for nearly every class of natural
product. The greatest challenges faced by LC-MS are related to the susceptibility of the results to the
many factors influencing separation and ionization efficiency such as changes in solvent composition,
column stability, electrospray formation, ion suppression, and other so-called matrix effects. These
factors negatively affect spectra and retention reproducibility. The resulting shifts of compound
retention times across multiple runs are hard to predict or account for with procedures such as the
calculation of retention indexes for GC. The lack of reproducibility in both retention and spectra make
the identification of known compounds based on database matches significantly less efficient than for
GC. Data processing is also a more challenging task since the lack of ionization stability combined with
the lower resolution of LC separation complicates combining mass features into compound spectra,
resulting in much more complex datasets with an overwhelming amount of mass features. Despite all
of these challenges, the great flexibility of LC-MS can lead to intensive developments for this technique
within the context of metabolomics and several pipelines are available to process, analyze, and interpret
LC-MS based metabolomics data [32].

Considering that the focus of this review is on the discovery of plant natural products, we mainly
describe the processing of untargeted metabolomics experiments, defined as the unbiased processing of
all signals within a dataset. Several excellent freeware are currently available for the processing of mass
chromatograms with some popular options including XCMS [183], MZmine 2 [184], OpenMS [185],
and MS-DIAL [179], all of which have been extensively used for diverse sets of metabolomics data.
All of these software work on similar principles, identifying m/z signals above a certain threshold as
well as the boundaries confining the chromatographic peak representing these signals over time (often
referred as features) and returning the respective peak areas/heights. After peak detection, they are
usually aligned across multiple samples prior to data analysis. One of the first challenges in processing
the resulting data matrixes is the sheer number of features resulting from this process, usually in
the order of tens of thousands, much of which are uninformative or redundant, being attributed, for
example, to background noise, contaminations and in source fragmentation. Several practices are
commonly included in experimental design to assist in the elimination of these signals in the initial
steps of data analysis. The inclusion of extraction blanks and technical replicates of quality controls are
good examples of such practices and have been shown to be useful for the identification of features
that do not originate from the samples or that exhibit low reproducibility [186]. This data cleaning
process can significantly facilitate further steps of data analysis, particularly for the identification
of features that are most relevant for the separation of experimental groups, for instance, in activity
guided fractionation of complex extracts [187]. Another challenging and essential aspect of processing
untargeted metabolomics experiments is the identification of features representing fragments, adducts,
and isotopes of a same compound. As mentioned before, this process is much more challenging
for LC-MS in relation to GC-MS, however, there are a few tools such as CAMERA [188], which can
assign putative identity for features based on their retention time and correlation in relation to one
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another as well as mass differences matching common adducts and in source fragmentation patterns
in electrospray ionization.

Particularly relevant for the identification of compounds by mass spectrometry are the experiments
including tandem MS fragmentation of either specific ions in a data-dependent acquisition mode (DDA),
or of all ions in a data-independent acquisition mode (DIA). Both types of experiment provide second
order MS spectra (MS/MS), which are more informative and suitable for compound identification
based on matching spectra signals against databases. In DDA experiments, specific ions are isolated
and fragmented, therefore all signals in the MS/MS spectra correspond to fragments of the isolated
ions. In DIA experiments, larger isolation windows are combined to fragment all ions in first order
spectra, therefore there is no link between parental and daughter ions but with the advantage of a
comprehensive fragmentation. Several specialized tools as well as extensions to the tools previously
mentioned were developed to process such MS/MS data, a few examples including MetDIA [189],
which is based on algorithms from XCMS, and MS-DIAL [179], which was developed with a particular
focus on processing DIA data despite also being able to process DDA and GC-MS data.

MS/MS spectra are currently the starting point for most mass spectrometry based structural
elucidation approaches. The initial procedure usually consists of using the experimental data to search
matches through different databases. Several relevant databases for natural product discovery were
recently reviewed by Wolfender et al. [190]. We highlight here some of the open source alternatives
that are particularly interesting for including curated experimental MS/MS data. Some extensive
metabolome databases such as Metlin [191], MassBank [192], MoNA, European MassBank, Global
Natural Products Social Molecular Networking resource (GNPS) [28], and Human Metabolome
Database (HMDB) [193] include experimental MS/MS data from a large number of natural products
from different sources. Additionally, other databases oriented toward specific organisms such as
ECMDB for E. coli, YMDB for yeast, and ResPect for plants, also provide access to extensive collections
of experimental MS/MS data [194]. Most of these alternatives have their own inner structures,
hence the functionalities for querying and extracting data vary. An interesting feature that is worth
noting for large scale metabolomics is a database integration with other data processing and analysis
pipelines. Metlin provides the largest individual collection of MS/MS experimental data acquired
in multiple collision energies and despite being the only one of the larger databases mentioned to
impose restrictions on downloading data, it is directly integrated with the XCMS online processing
platform [191]. MZmine 2 incorporates functions to directly query Kyoto Encyclopedia of Genes and
Genomes (KEGG), HMDB, Yeast Metabolome Database (YMDB), LipidMaps, the European MassBank,
Chemspider, and Metacyc [184]. MS-DIAL allows for the uploading and automatic matching of
spectra against user-defined libraries in the msp. format, the commonly used text-based format for
metabolomics spectra [179]. It also provides multiple libraries for download in this format including
MassBank, ReSpect, and GNPS, among others.

One of the major obstacles for mass spectrometry based annotation in metabolomics is the lack of
characterized standards for the majority of the different compounds found in nature. Therefore, several
alternatives have been developed to cope with this limitation. Most large metabolomics databases
such as Metlin and HMDB have significantly expanded their coverage by including in silico generated
MS/MS spectra of known compounds for which no experimental data are available, usually based on
machine learning or quantum mechanics calculations [195]. Similar approaches have also been used to
predict putative compounds based on the MS/MS spectra. These functionalities are provided in tools
such as CSI:fingerID [196] and MS-FINDER [197]. Another interesting and popular approach provided
via the GNPS database is to construct networks based on spectra similarity and extend annotations
based on the assumption that related metabolites exhibit similar second order spectra [28].

Additionally to the mass spectra, LC-MS provides another measure with intrinsic structural
information, which is the retention time. However, as previously mentioned, there are multiple factors
affecting retention time in liquid chromatography that are hard to predict and control to a similar
extent of what is done in gas chromatography. Therefore, few approaches for metabolite annotation
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and cataloguing include retention time information. It is worth mentioning a few recent efforts in
integrating this extra information in spectral libraries such as the WEIZMASS [97] as well as strategies
for in silico prediction of retention indexes as that provided by PredRet [198].

Finally, there are also approaches for compound annotation that are independent of the acquisition
of tandem mass spectra fragmentation. Most untargeted metabolomics platforms nowadays rely on
high resolution and high accuracy m/z measurements provided mainly by QTOF and Orbitrap-based
systems. Directly matching putative molecular ion masses against databases is not as reliable as MS/MS
spectral matching, it can however, still bring valuable insights in putative structures and the higher
accuracy measurements provided by those systems can provide a significantly smaller search space.
This is particularly useful when genomics and taxonomic data can be integrated into the search to
even further restrict the space of reasonable matches. Unfortunately, this information is still often
scarce and not well structured, with few databases providing extensive collections of curated data.
One exception worth mentioning is the KNApSack database, which provides the distribution of over
50,000 compounds across over 20,000 different species [199].

5. Successful Applications of Metabolomics in Natural Products Discovery

5.1. Metabolomics for Secondary Metabolites Identification

In the science of natural product discovery using metabolomics, the separation of metabolites
is usually performed using GC or HPLC, which is generally coupled with on-line MS detection. MS
fragmentation spectra provide precise information on the structures, and it is thus common to record
multiple-stage MS data with the spectra of two or more products (MS2, MSn, where n is the number of
production stages) [200]. As above-mentioned, several MS-based databases and software tools are now
applied for natural products identification; these databases include the Golm Metabolome Database
(GMD) that uses GC retention indices and electron impact (EI) mass spectra, all acquired under defined
conditions as mass spectral tags (MSTs) for both neat authentic standards as well as plant extracts in
GC-MS data [78]. When GC-MS data of a plant extract are obtained, the MST of its components can be
matched to the GMD to record either known metabolites or unique identifiers for unidentified peaks in
complex plant extracts. There is also the decision tree search, which predicts substructures of unknown
metabolites, even if the full structure cannot be predicted [78]. METLIN, a MS/MS database, includes
about 62,000 spectra representing more than 12,000 metabolites. These spectra were acquired under
standardized conditions using electrospray ionization in positive and negative ionization modes on a
quadrupole time-of-flight (QTOF) mass spectrometer [201]. The limitations of this database are the lack
of chromatographic data and closed design. Meanwhile, MassBank is a database of high resolution
MS-based platforms (GC-MS and HPLC-MS). All MassBank has spectral information, and some have
chromatographic information, but there are no retention times (or indices) data [192]. In contrast,
ReSpect is an MS2 database specific to plant metabolites. The main advantage of this database is that
spectral records are annotated with taxonomic information about the species from which a particular
metabolite has been extracted and to which structural class the metabolite belongs [202]. Similarly, the
Global Natural Products Social Molecular Networking resource (GNPS) is an MS2 database for natural
products [28]. Several databases are considered as an important tool to facilitate the dereplication
process [80,203].

NMR is the most powerful technique with respect to structure elucidation, as it is highly
reproducible, quantitative, requires simple sample preparation, and is able to measure analytes over a
wide range of solvent conditions [204]. Itis, however, limited by being slower and less sensitive than MS,
and as such, it cannot easily be used as a routine technology in metabolomics. Instead, its application
is mainly limited to measuring the most abundant metabolites in the sample [205,206]. In natural
product discovery, fractions with the metabolites of interest are separated through chromatographic
runs and then subjected to off-line NMR analysis. It is more common in applications of metabolomics
to make NMR analysis of plant extracts or biological fluids without chromatographic separation [80].
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The applications and limitations of NMR databases that are particularly useful for natural products
discovery are discussed in Table 1. To search in one of the mentioned NMR databases, the obtained
spectra should be processed and interpreted using external software and entered into a web interface
as a peak table. The INMR software interfaces convert spectral peaks to a searchable file format, so can
be used in the MMCD database [207]. On the other hand, SpinAssign is used for the identification
of compounds using the 13C-HSQC spectra of complex cell extracts [208], while the MetaboHunter
and COLMAR tools are designed to search the NMR spectra of mixtures against those of a subset of
metabolites in HMDB and BMRB [209,210].

Table 1. Nuclear magnetic resonance (NMR) databases and computational methods.

Database Applications Notes References
Is useful in cases of Its closed design, there is no user
dereplication as it has more access to spectral data.
NAPROC-13 than 20.000 of natural product 13C-NMR spectra, molecular formula [211]
spectra and inclusion of or predicted molecular weight can
metabolite classification only be searched separately.
Not limited to NP and has . . .
NMRShiftDB 51,000 collected spectra. Tt lists NMR chemical shifts, butnot 1, ;5]
It accepts submissions peak size.
P
Not limited to NP and has
SDBS Iztgl;gte)(s) :;ﬂifsg;gf;str; Does not accept submissions. [214]
spectra in a single search.
Covers only 208 compounds, but each
compound is measured with 16
The spectral depth of 16 different NMR parameter sets which
different one- and provides high quality references.
BML-NMR two-dimensional experiments ~ These metabolites were selected based [215]
for each compound provides  on their importance within metabolic
high quality references pathways and their detection
potential by NMR. They were
analyzed at pH 6.6, 7.0, and 7.4.
C.OHtaH}S NMR data f.or The database mainly covers the
various biomolecules with a . . .
- . compounds involved in the lignin
focus on protein, peptide, and biosynthesis which is a plant cell wall
BMRB database nucleic acid spectra. Y p [216]

constituent and the compounds
obtained by plant cell wall
deconstruction.

Spectra are available for
downloading in raw and
processed data formats
NAPROC-13: Carbon-13 Database of Natural Products and Related Substances; DB: Database; SDBS: Spectral

Database for Organic Compounds; BML-NMR: Birmingham Metabolite Library; BMRB: Biological Magnetic
Resonance Data Bank.

There is an increasing tendency in metabolomics to analyze the same sample by both NMR and
MS. Taking advantage of both methods enables a better coverage of the metabolome [217,218]. NMR
allows the identification of trends in metabolic alteration across core metabolic pathways, while MS
provides the identification of the minor metabolites. The integration of NMR and MS can increase
the size of the obtained dataset with the added complexity of the simultaneous processing, analysis,
and interpretation of two dissimilar data types [218,219]. Indeed, as described below, LC-online-NMR
has been proposed as a route toward improving coverage of the metabolome. However, despite the
advocacy of this approach, relatively few examples of its utility have been published to date [106,114].
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5.2. Metabolomics in Defining or Refining the Pathway Structure of Plant Natural Products

Given that this subject has been extensively reviewed [3], we will keep this section short, suffice to
say that the chemistry of many medicinal plants has remained largely unexplored. Despite the advances
of synthetic biology for the production of medicinal compounds in heterologous hosts (described
in the section below), the native plant species often remain the most reliable and economic source
for their production. It is thus of fundamental importance to investigate the metabolic composition
of medicinal plants to characterize their natural metabolic diversity and to define their in planta
biosynthetic routes in order to develop strategies to further increase their content. In this vein, the
cases of benzoisoquinoline and monoterpenoid indole alkaloids, cannabinoids, caffeine, ginsenosides,
withanolides, artemisinin, and taxol represent interesting case studies in which the contribution of
recent integrative metabolomics and genomic approaches in augmenting earlier biochemical strategies
have helped to elucidate their metabolic pathways and cellular compartmentation [3].

5.3. Metabolomics to Aid Metabolic Engineering of Secondary Metabolites Production

A recent approach in the field of metabolomics is its use as a generic debugging tool for engineered
microbial production systems that arise as a result of advanced synthetic biology. The synthetic
biology of secondary metabolite production is not restricted to the awakening of the cryptic metabolite
production encoded in newly sequenced genomes, but it also serves in modifying and recombining the
modular biosynthesis apparatus found in nature, which leads to the generation of novel chemistry, in
addition to the more ambitious re-engineering strategies such as refactoring, which means replacing
the native regulatory machinery by fine-tuned designer systems or the improvement of production
levels through the redeployment of primary metabolism [220].

In a metabolomics study of the consequences of an overexpression of ncRNA-based regulatory
element in Streptomyces coelicolor [221], where ncRNA affected not only the nearby metabolites, but also
the metabolite levels that showed rapid changes throughout the metabolic network of the organism.
The reproducibility of the metabolite dynamics was ensured by repeated metabolite profiling. Another
application is the detection of the accumulated toxic side products and intermediates, or the depletion
of required precursors, which is considered as metabolic bottlenecks. In these cases, metabolomics
provides an unbiased overview of the metabolic status of a system and its changes due to the
overproduction of compounds of interest, which in combination with systems biological modeling can
drive cycles of refined engineering [222]. The Streptomyces lydicus metabolome was characterized in
various cultures where the critical precursors of streptolydigin were identified through the depletion
in overproducing cultures. Here, the added precursors (glutamic acid and proline) led to an increase
in streptolydigin production, with no effect on the strain growth. Therefore, metabolomics approaches
enabled the identification of the major bottleneck in the system with no need for understanding the
underlying metabolic and regulatory network [223].

Given the massive diversity of secondary metabolism in plants, a recent approach to metabolic
engineering has been combinatorial biosynthesis, an engineering strategy that allows for the generation
of novel, structurally similar, but distinct compounds, which is achieved by combining biosynthetic
genes of related metabolic pathways from different organisms in a single host [224-226]. This requires
the use of enzymes that have relaxed specificity and thus are able to incorporate derivatives of
their natural substrates. Other than pioneering studies on the synthesis of novel carotenoids in
nonphotosynthetic Escherichia coli [227], a few other reports of successful targeted combinatorial
biosynthesis of (novel) terpenoids in plants exist. For example, the biosynthesis of monoterpenoid
indole alkaloids (MIAs) in the Madagascar periwinkle (Catharanthus roseus) was carried out following
the expression of two different bacterial halogenases, yielding new-to-nature halogenated MIA
derivatives [228]. Similarly, biosynthetic genes of five different plants were combined in yeast
to produce a monoglycosylated triterpene saponin that does not occur in any of the parent plant
species [229]. Moreover, artemisinin was recently transferred from the medicinal plant of origin into the
crop plant tobacco [230]. In all of the examples above, metabolomics was instrumental in confirming
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the novel natural products. It is important to note that this subject area is currently in bloom and it
seems reasonable to anticipate that many more examples will follow shortly. Furthermore, the labelling
approach in metabolomics such as '*C-based metabolomics studies, can also be applied for discovering
novel secondary metabolism [231-233]. Although this technique needs a single source of carbon or
nitrogen, this can be achieved by tracing the distribution of a class-specific precursor to side branches
of the metabolic network [234].

5.4. Metabolomics and Dereplication

Another application of metabolomics is the dereplication of the natural product biosynthesis
at different development stages through the use of various analytical methods, the bioassay guided
isolation, thus rapid dereplication of known activities is efficiently delivered [235]. High resolution
Fourier transform mass spectrometry (HRFTMS) is usually used for dereplication of secondary
metabolites together with LTQ-Orbitrap and high resolution NMR. Identification of high resolution
MS and NMR of the metabolomes is undertaken using the online and in-house databases. Multivariate
analysis allows the Fourier transformation of the FID (free induction decay) of multiple samples
data, in order to statistically validate the parameters to produce biologically novel secondary
metabolites [236,237]. Combining PCA with dereplication and molecular networking was applied on
microbial extracts for the discovery of novel compounds where the molecular networking provided a
chance to compare the metabolic profiles of complex crude fermentation extracts, leading to efficient
chemical dereplication [238].

The dereplication process was summarized by Tawfike et al. (2013, Figure 2) where the extracts,
fractions, and purified secondary metabolites were first tested for possible biological activity. After
that, the chemical profiling of the active extract or fraction was analyzed using high resolution mass
spectrometry and NMR spectroscopy to identify the constituents of interest at an early stage to minimize
the efforts by focusing on the active principles. Following the application of various metabolomic tools
and multivariate statistics, the obtained huge datasets could be utilized for the identification of the
biomarkers of the biologically-active extracts. The identified biomarkers can then be employed in the
production of the novel secondary metabolites to provide sustainability of the interesting metabolites
in genetic and metabolic engineering [113].

Plant collection

l

Extraction

Metabolomics analysis
HRFTMS-NMR

Quantitative Differential
Expression Analysis

Multivariate Analysis

Fractionation Bloassa\.c—gulded isolation
of active compounds

‘ Biosynthesis optimization ‘

Figure 2. A flowchart showing the application of metabolomics in dereplication.

In this section, we will discuss some examples for the application of metabolomics in dereplication.
Dereplication was applied for the identification and quantification of tocopherol using HPLC analysis
of Brazil oil nut from different geographic locations in Brazil. This study proved the presence of the
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different amounts of x- and 3-tocopherol in some samples with the absence of tocopherols in other
samples [239]. Dereplication was also used to select superior banana genotypes for breeding based
on the phenolic contents and carotenoid profiles, where the HPLC analysis showed an appreciable
amount of pro-vitamin A carotenoids in the active germosplasm samples compared with the main
cultivars that are currently marketed [240]. Coffee genotypes of three different regions in Brazil were
distinguished using GC-MS coupled with statistical analysis where 44 metabolites were characterized
as the chemomarkers for differentiation of the origin and genotype [241]. Design of experiments
(DoE) and partial least squares (PLS) were used to prove that the physicochemical properties of the
solvent have a significant effect on its extraction capacity [242]. Moreover, dereplication was used
to detect bromotyrosine-derived metabolites in 14 species of sponge belonging to genus Aplysina
through measuring their UV absorption using LC-photodiode array detector (PDA)-MS analysis [243].
Additionally, dereplication could differentiate between green and brown Brazilian propolis bead
on their terpenoid content using GC-MS [244] as well as the discovery of biomarkers and novel
active constituents that may be active against different neglected diseases [245]. UHPLC-(TOF)-MS,
together with hierarchical clustering analyses (HCA), was applied to differentiate between six Lippia
species based on their chemical constituents [246]. In addition, dereplication was successfully applied
to determine 11 anti-inflammatory biomarkers in 57 extracts of Asteraceae leaves using HPLC-MS
among 1241 peaks [247]. Similarly, 44 metabolites were identified as chemomarkers to determine the
geographical origin and genotype of coffee in Brazil using GC-Q-MS [241].

5.5. Metabolomics for Quality Control of Natural Products

Metabolomics is also finding utility in the quality control of natural products, being used to
monitor the variation of metabolic profiles among individuals, environmental alterations during
growth and harvesting, post harvesting treatment, extraction, and method of isolation. The change
in the chemical profiles have a significant effect on the efficacy of phytomedicines prepared from
these herbs [18]. Unsupervised principal component analysis (PCA) and supervised partial least
square analysis/partial least square analysis with discriminant analysis (PLS/PLS-DA), combined with
"H-NMR, are the most common techniques used in quality control. These methods were used to study
the effect of location on the percentage of various constituents of chamomile (Matricaria recutita L.) [248].
Determination of A9—tetrahydrocannabinolic acid (THCA) and cannabidiolic acid (CBDA) was carried
out to discriminate between different Cannabis sativa [249]. Similarly, discrimination of different samples
of St John’s Wort (Hypericum perforatum) from different batches of the same supplier, according to the
variation of the content of the antidepressant flavonoids, has also been reported [250]. Metabolomics
has also been applied to detect adulterations of herbal preparations with similar species but with
low levels of constituents responsible for the activity. A company produced antimalarial capsules
containing Artemisia afra, which is free from artemisinin instead of Artemisia annua, and this could
be easily detected by 'H-NMR and PCA [251]. Metabolomics can additionally be used to profile the
biofluids of individuals who have been medicated with natural products and a vast literature describes
such studies [30,252,253].

6. Conclusions and Future Perspectives

Metabolomics experiments offer an improved expedited route for plant natural product drug
discovery and is increasingly applied in a bioactivity-guided approach from natural extracts. This review
provides an overview for the most widely employed analytical tools in metabolomics experiments for
natural products’ drug ability viz. GC-MS, LC-MS, CE-MS, and NMR with recent advances in their
applications. Furthermore, different sample preparation protocols, data processing tools, and some
successful applications of metabolomics in natural products discovery are outlined, highlighting its
advantages and limitations. Although metabolomics has clearly transcended the classical approach of
lead compound discovery as previously mentioned, the main challenge in such experiments appears to
simultaneously explore the extreme complexity and the huge chemical diversity of metabolites present
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in any natural organism. In addition, the annotation of metabolites in such complicated environments
remains another obstacle that needs to be tackled. The establishment of organism databases and
sharing of spectral data in public repositories will aid in that regard, and avoid dereplication of already
existing metabolites in bioactivity guided studies for active agents. Bioinformatic tools that can link
the metabolomics dataset with bioactivity results have yet to be implemented for all spectral datasets.
Finally, we believe that there is urgent need to apply the integrative approaches of genomics and
metabolomics to understanding the metabolism of natural products in plants and elucidate their
metabolic pathways.
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Abstract: Appropriate experimental design and sample preparation are key steps in metabolomics
experiments, highly influencing the biological interpretation of the results. The sample preparation
workflow for plant metabolomics studies includes several steps before metabolite extraction and
analysis. These include the optimization of laboratory procedures, which should be optimized
for different plants and tissues. This is particularly the case for trees, whose tissues are complex
matrices to work with due to the presence of several interferents, such as oleoresins, cellulose. A good
experimental design, tree tissue harvest conditions, and sample preparation are crucial to ensure
consistency and reproducibility of the metadata among datasets. In this review, we discuss the main
challenges when setting up a forest tree metabolomics experiment for mass spectrometry (MS)-based
analysis covering all technical aspects from the biological question formulation and experimental
design to sample processing and metabolite extraction and data acquisition. We also highlight the
importance of forest tree metadata standardization in metabolomics studies.

Keywords: plant metabolomics; forestry; trees; mass spectrometry; metabolite extraction; GC-MS;
LC-MS; metadata standardization; databases

1. Introduction

Metabolomics is an “omics” technology used to obtain comprehensive information on the
metabolome: a diverse pool of low molecular weight molecules (metabolites), present in a cell or
organism, and at a particular physiological or developmental stage [1]. For the past 20 years, the
number of mass spectrometry (MS)-based metabolomics studies in plants has grown exponentially
and plant metabolomics has established itself as a powerful tool to address biological questions related
to plant growth and development and plant responses to environmental perturbations [2,3]. Despite
the continuous advances in MS technology, the coverage of the plant metabolome is a major challenge
in plant metabolomics research mainly due to the high chemical diversity, broad dynamic range
of concentration, and specific cellular compartmentalization of metabolites. In addition, no single
analytical technology can cover the entire plant metabolome, and different extraction techniques
and combinations of complementary analytical technologies are often employed [4]. In general,
preparing a plant sample for a metabolomics study involves the establishment of a good experimental
design, followed by several standard steps for sample preparation, namely: harvest immediately
followed by quenching, aliquot weighing, metabolite extraction, pre-analytical procedures (if required,
e.g., chemical derivatization), and finally, metabolite analysis [2,5-7]. The standardization of these
metabolomics workflows ensures data consistency and allows the reproducibility of the generated data
and metadata (information about data origins). Although most steps are common to any metabolomics

Metabolites 2019, 9, 285; d0i:10.3390/metab09120285 177 www.mdpi.com/journal/metabolites



Metabolites 2019, 9, 285

experiment, the optimization of laboratory procedures is often adopted, according to the requirement
of the sample (species or tissue) under study. This is particularly the case of metabolomics studies on
tree species. Forest tree metabolomics represents additional challenges when compared to other plant
metabolomics studies. These include an experimental design that takes into account the long life cycle
and the genetic variability of forest tree species as well the presence of interferents that can require
additional steps during sample preparation (e.g., additional concentration steps) [8]. In this review,
we highlight the major challenges when setting up an MS-based forest tree metabolomics experiment.
Although this review is focused mainly on forest tree species, the methodology here reviewed can be
applied to other woody species.

2. Experimental Design for Forest Tree Metabolomics

In a plant metabolomics study, after the formulation of the biological question, experimental design
planning is the first crucial step of the metabolomics workflow. The experimental design includes
the complete planning of the experiment, including plant growth conditions and the treatments to
be applied to the plants. In this section, all the critical steps and important decisions for a good
experimental design are discussed.

2.1. Biological Question Formulation

A plant metabolomics experiment starts with the formulation of a good hypothesis (i.e., biological
question) to plan an appropriate experimental design, sample preparation, and statistical strategies
for data analysis. Without a clear biological question, the observed changes can be misinterpreted
or have multiple possible interpretations that would not reveal important information related to the
biological system. Thus, it is absolutely crucial to understand the biological system under study to
not only select the suitable tissue(s) for analysis but also the appropriate controls. Understanding the
biological system will allow the elaboration of an accurate experimental design, and ultimately, to
answer the biological question. It is important to highlight that frequently (and wrongly) experiments
are designed for other “omics” technologies (i.e., transcriptomics, proteomics), and the leftover samples
are later used for metabolomics analysis. This can extensively compromise the entire metabolomics
analysis because the objective of the study might be different, the number of replicates may not be
sufficient, or the sample storage conditions were not ideal, thereby affecting the stability of metabolites
within the sample [9].

Forests represent a crucial driver to achieve the sustainable development goals (SDG) from
Agenda 2030 of the United Nations through the provision of a wide range of ecosystem goods and
services with a direct impact on socio-economic development and environmental balance [10,11]. In
addition to the direct economic benefits provided by tree species, i.e., timber and non-timber products,
gaming and tourism, forests have an immensurable ecological value, being the major determinants for
water, oxygen, carbon, and energy balance and can be seen as a major opportunity to mitigate climate
change effects [12], i.e., continued drought, increased soil and water salinization and acidification, and
intensification of extreme temperatures [13]. In forest tree metabolomics research, most biological
questions are indeed related to the responses towards the acclimation and adaptation to a permanently
changing environment [14-26] as well as to the identification of potentially active components in tree
species of pharmacological, agricultural, environmental, or industrial importance [27-33].

2.2. Experimental Design

The experimental design should ensure that the analytical data derived from the collected
biological material would allow answering the initially proposed biological question through a reliable
statistical analysis. Therefore, the experimental design (Figure 1) typically includes all variables of
the experiment, from the plant growth and treatments (e.g., plant growth conditions, randomization,
replicates, controls), sample preparation conditions (e.g., harvested tissue, quenching method, pool
material or not, metabolite extraction protocol), and analytical platform (e.g., GC-MS, LC-MS, mass
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spectrometry imaging, targeted or untargeted approach) to statistical treatments [7,9,34]. Added to these
factors, all sources of additional variation (e.g., genotype, sample size, tissue selection, developmental
stage, environmental conditions, batch/block effect) should be investigated and minimized to avoid
misleading conclusions [7,9,35]. The experimental design should also take into account the time
frame of the metabolomics experiment. Because metabolites are highly dynamic (in time and space),
a metabolomics study can reflect the steady state (or instant snap-shot) of the metabolism or its
dynamic time-course evaluation [9,36-38]. In plant metabolomics, due to the destructive nature of
the sampling procedure, most conducted studies are transversal (i.e., cross-sectional), where different
samples are used for each time point, whereas in human metabolomics, longitudinal studies are fairly
common [39,40]. Even if the harvesting procedure is not completely destructive, the wounding effect
in plants should be taken into account as it can affect metabolite profiles. Longitudinal studies in plant
metabolomics include the analysis of volatile organic compounds (VOCs) through non-destructive
headspace techniques (further details in Section 3).

‘ Experimental design
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Figure 1. Experimental design and workflow in a plant metabolomics experiment.

Forest tree experiments are particularly difficult to execute, mainly because of the tree’s long
life cycle and lack of genomic tools [41], which in turn leads to highly costly, and time-consuming
long-term studies. Thus, a rigorously elaborated experimental design can help to control time and
costs and assure that the experiment and respective derived data are reliable and reproducible [42].

2.2.1. Experimental Conditions

The experimental design should clearly define the experimental conditions of the study (i.e.,
plant growth conditions and treatment(s) to be applied). Plants can be grown under controlled
environmental conditions (e.g., growth chambers, nurseries, greenhouses) or in field conditions. From
growth chamber to field conditions, there is a gradual decrease in the level of environmental control and
a gradual increase in its complexity. Therefore, most metabolomics studies are essentially comparative,
i.e., controls (healthy and/or mock treatments in the case of plant—pathogen interactions) vs. treated
samples, and always provided that plants are grown under the same conditions [35]. However, in
the field, plants are subjected to uncontrolled variations in the environment (e.g., variations in light
intensity, temperature, water availability). Despite the plant’s metabolism degree of plasticity acting as
a buffer against sudden fluctuations in the environment, this complex set of variables deeply impact
the plant’s physiology and metabolism [9], which is often the case of forest tree long-term research.
Hence, care must be taken when making comparisons amongst field-grown individuals or even
when extrapolating results or establishing correlations between trees grown under controlled and
uncontrolled (i.e., field) environmental conditions [43].
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In vitro assays are an alternative biotechnological approach to in vivo field studies as it drastically
reduces the time needed for the experiment to be conducted and eliminates environmental related
fluctuations, allowing the manipulation of single variables in a controlled environment, which is
impossible to achieve in field or greenhouse conditions. In vitro cultures have been applied to forest
tree research, namely in the establishment of co-cultures to study plant-pathogen interactions, namely
co-cultures of Pinus pinaster and Bursaphelenchus xylophilus as an alternative biotechnological approach
to study the pine wilt disease [44] or for rapid clonal propagation of Populus spp. [45]. The analysis of
plant-pathogen interactions poses a particular challenge in metabolomics studies due to the difficulty
in discriminating between plant and pathogen. In this case, in vitro cell co-cultures can be regarded
as an alternative dual metabolomics approach to study such metabolite responses in plant-pathogen
interactions. This technique allows discrimination between plant cells and pathogens and can further
be applied to compare the metabolite response to different pathogenic strains [46]. However, this
biotechnological approach should be regarded as a preliminary tool for forest tree research; it is crucial
to assess if these systems reflect the real physiological conditions of the plant to only later extrapolate the
findings to the whole organism [9]. Another approach to study plant-pathogen interactions, without
the need for cell cultures but also allowing the assessment of the spatial distribution of metabolites in
plant and pathogen, is with mass spectrometry imaging [47]. However, this technique has not yet been
applied in forest tree metabolomics research.

2.2.2. Replicates and Randomization

To compensate for quantitative and qualitative variations in metabolomics analyses, biological
replicates are essential for powerful statistical analysis and reliable biological interpretation of the
results. Technical replicates can compensate for protocol or instrumental variations but do not improve
the statistical analysis of the results [9,48]. In plant metabolomics, the minimum acceptable number of
biological replicates should be six [2,49,50]. The biological replicates should be representative of the
population under study. For a stronger and significant statistical analysis, the number of replicates
needed can be established by power analysis determined from the degree of analytical variance within
the populations under study [50]. Statistical power analysis relates sample size, effect size (i.e., the
difference of two group means divided by the pooled standard deviation) and significance level to
the chance of detecting an effect in a dataset, and thus, should be performed before conducting the
experiment as a key step in the experimental design [51,52]. Information for power analysis can be
obtained through pilot studies or extrapolated from the literature [51]. Sample size determination
modules can be found in bioinformatic tools for metabolite data analysis, such as MetaboAnalyst
3.0, based on the Bioconductor R package Sample Size and Power Analysis (SSPA) and using data
from a pilot metabolomic study [52]. However, power analysis is often avoided, and sample size
determination becomes driven by sample availability [51]. In the case of limited amounts of sample and
high biological variation, pooling samples is a common procedure [7,9,38]. However, this information
should be taken into account when performing the data analysis as it may compromise the quality of the
data (e.g., a pool containing an odd sample or individual not grown under the same exact conditions).

Randomization is critical for reducing experimental error and biological variability. If working
under controlled environmental conditions (e.g., growth chamber), plants should be rotated during
the course of the experiment to compensate for variations in light intensity or ventilation that can
ultimately affect metabolism and the reproducibility of the data [7,9,53,54]. If plants are grown in a
greenhouse or field conditions, variation in environmental conditions is likely to be observed. In all
cases, it is crucial to keep a record of all observed changes in the course of the experiment and include
them in the metadata and storage databases to ensure data reusability [49,54]. A common strategy to
compensate for the impossibility of performing randomization (especially when working with a high
number of individuals) is to arrange plants in a block design [9]. In a block design, the individuals are
divided into homogeneous groups (i.e., blocks), and treatments are assigned randomly within the block.
Treatment comparisons are then performed within blocks because the variability within each block is
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lower than the variability between blocks. Additionally, harvest should be performed randomly in
each block to minimize block effect. The use of an appropriate design is particularly important in forest
tree studies because of the long-term nature of the experiments. The variation between blocks (i.e.,
block factors), such as time, operator, or location, can be later included in the analysis. The randomized
complete block design is the standard design pattern because of its simplicity. In this block design, the
same number of individuals from each treatment and/or genotype is randomly allocated per block,
and act as biological replicates. This block design is most effective when the site is relatively uniform;
however, this is rarely the case in forestry studies. To overcome this limitation, other designs, such as
the spatially-balanced complete block design [55] or the incomplete block design [56], that allow for
better control of heterogeneity are becoming widely popular.

3. Sample Preparation for Forest Tree Metabolomics

In metabolomics, as in any analytical science, the sample preparation protocol has a crucial
impact on the obtained analytical data. The workflow includes the harvest of the biological material
and immediate quenching of metabolism and storing prior sample homogenization and metabolite
extraction [2,6,7,34,53,57]. Sample preparation must be meticulously planned to identify potential
sources of experimental variation and errors that might compromise data analysis, re-usability of the
data, or biological interpretation of the results [6]. To obtain a standard protocol, the sample preparation
method should be validated for the plant tissue under study using technical replicate extractions to
determine the method precision and quantitative reproducibility [57]. In this section, the importance
and challenges of performing harvest and quenching of tree material, especially in field conditions, are
discussed, followed by the most common metabolomic workflows in forest tree metabolomics.

3.1. Harvest and Quenching

The precise time and process of sampling, or harvest, is a decisive step in a metabolomics
experiment because it determines the “metabolic snapshot” of the organism to be analyzed, which
directly influences the biological interpretation of the results [6,7,38]. In addition, the harvest should
be performed as quickly as possible to avoid diurnal variations and the loss of metabolites with high
turnover rates [2,6,7,37,50]. When working with forest tree species, samples are, in most cases, collected
in the field and should be properly stored until lab processing. Ideally, biological samples should be
immediately frozen in liquid nitrogen to avoid loss or degradation of biomolecules. However, this
method is practically impossible to apply to samples harvested in natural ecosystems. In these cases,
the best approach is to use silica gel to dehydrate the samples, thus stopping biochemical reactions [58].
Nevertheless, volatile compounds are often difficult to recover. In addition to the sample storage
under field conditions, data relative to the exact geographical location and edaphic—climatic conditions
should be described in as much detail as possible, to provide a more complete characterization of the
provenance [58].

After the harvest, the second step in sample preparation is to instantly quench metabolism, usually
by flash-freeze, using liquid nitrogen (shock freezing). Quenching is a crucial step in metabolomics
workflows to immediately stop the metabolism and avoid further changes occurring in the sample, such
as metabolite degradation or variations in their concentration, chemical, or physical properties [2,6,34].
Other methods include freeze-drying or the use of ice-cold methanol. Despite the risk of lower
extraction reproducibility when working with frozen fresh samples, freeze-drying is a slower process
that can lead to the production of artifacts, and potentially lead to the irreversible adsorption of
metabolites on cell walls and membranes [36,59]. Freeze-drying can be a convenient method when
weighing large sample sets, but it has been reported to reduce extraction yields by 25% [60]. In a
comparative phytohormone quantification study between fresh-frozen and freeze-dried plant material,
namely needles of P. pinaster, leaves of Eucalyptus globulus, and cotyledons of P. pinea, higher recoveries
were obtained when using fresh material [61]. Freeze drying methods enhance lipid extraction by
eliminating all the water, and consequently, generating a more complex matrix making phytohormone
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quantification in the presence of these interferences difficult. The appropriate sample treatment should
always be evaluated according to the plant tissue under study.

In plant metabolomics, quenching is usually followed by homogenization of the sample, typically
using a pestle and mortar or ball mill for plant—cell-wall breakage and sample weighing. These steps
are always performed under liquid nitrogen to prevent tissue from thawing [2,6,7].

3.2. Metabolite Extraction

The choice of a metabolite extraction protocol is extremely important in metabolomics studies
as it can directly affect the metabolite coverage and metabolite concentration. Ideally, a metabolite
extraction protocol aims to (i) efficiently isolate metabolites from the sample in a high-throughput
manner; (ii) be as non-selective as possible to ensure adequate metabolite coverage; (iii) prevent
metabolite loss or degradation; (iv) be reproducible; (v) remove interferents that can affect the analysis;
(vi) be compatible with the chosen analytical technique; and, when necessary, (vii) concentrate low
abundance metabolites before analysis [2,34,59,62]. Typically, a metabolomics experiment follows
two alternative approaches, targeted or untargeted. In targeted metabolomics, a well-defined group
of known annotated metabolites is identified, whereas an untargeted approach aims to provide an
overview of all the measurable analytes in the biological sample, including unknown compounds.
However, it is important to highlight that, due to the vast variety of metabolites present in the plant
metabolome, at different concentration levels and with distinct physical-chemical properties, it is
impossible to extract the whole range of metabolites using a single extraction protocol [2,6,38].

In a metabolomics extraction protocol, several aspects have to be considered, namely the choice of
an appropriate solvent system, solvent solubility, solvent to sample ratio, duration, and temperature of
the extraction [2,5,6,36,63]. The choice of the appropriate solvent depends not only on the metabolite
properties to be extracted but also has to meet the specific requirements of the analytical platform
to be used (e.g., GC-MS, LC-MS). The exception is the use of headspace extraction (e.g., solid-phase
microextraction, SPME) for the extraction of volatile components without the need for solvents [5,38].
For LC-MS, the only main limitation is that the solvent in which the sample is injected must be miscible
and should be similar to the LC mobile phases used. For the typical reverse-phase separations, solvents
used are generally aqueous eluents with 5-50% of an organic solvent (e.g., methanol, acetonitrile) [6].
Moreover, the addition of stable isotopically labeled internal standards to the extraction buffer (e.g.,
15N and 13C labeling strategies) in targeted plant metabolomics approach is an excellent tool (i) to
monitor extraction reproducibility; (ii) to compensate for ionization suppression/enhancement effects,
accuracy, precision, and matrix effects of an analytical method or during method validation; and (iii)
for normalization in data analysis [9,62,64].

3.2.1. GC-MS Metabolite Profiling

In forest tree research, GC coupled to either a time-of-flight MS (GC-TOF-MS) or a fast scanning
quadrupole MS (GC-gMS) have often been employed for high-throughput plant primary metabolite
profiling allowing the measurement of complex mixtures of primary metabolites (e.g., organic
acids, sugars, sugar alcohols, amino acids) in a single extract [8]. GC-TOF-MS shows numerous
advantages over GC-qMS, namely, higher mass accuracy, higher duty cycles, and faster acquisition
rates that ultimately contribute to a better deconvolution of overlapping peaks and higher sample
throughput [2,3,65].

Despite the low number of publications in forest tree metabolomics, when compared to other
omics studies [66], GC-TOF-MS has been the method of choice for the primary metabolite profiling of
forest tree responses to abiotic and biotic stresses [24,25,58,67-69] as well as other plant growth-related
processes [17,26,70-77]. In these forest tree metabolomics studies, as for plant metabolomics in general,
primary metabolites for GC-TOF-MS analysis are commonly extracted using the well-established
chloroform:methanol:water extraction protocol, with minor optimization variations across studies
(e.g., time of extraction, temperature, solvent ratio, or addition order), and further derivatized with
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N-methyl-N-(trimethylsilyl)trifloracetamide (MSTFA), containing a mixture of fatty acid methyl
esters (FAMEs) with different chain length as time standards (i.e., standard for retention time
calibration) [2,34,50,63]. This two-phase solvent system has the advantage of fractionating the
metabolites from a single sample into a polar aqueous phase (methanol:water) and a lipophilic organic
phase (chloroform), which can be further analyzed separately [63].

Additional GC-qMS studies in forest tree species include the profile of the volatile fraction,
namely volatile organic compounds (VOCs) and essential oil (EO). This volatile fraction is mainly
dominated by terpenoids, phenylpropanoids/benzenoids, fatty acid derivatives, and amino acid
derivatives [78]. Despite the similarity in their qualitative chemical composition, the relative amounts
of metabolites found in these two volatile fractions can differ greatly due to the distinct extraction
processes involved [79]. VOCs are commonly collected with headspace techniques (e.g., SPME), while
EOs are obtained exclusively with hydro-, steam- or dry-distillation, or in the case of citrus fruits,
mechanically without heating [80]. EO screening studies are popular among forest tree species, namely
Eucalyptus and Pinus spp., mainly due to the occurrence of EO chemotypes [81-84]. The non-destructive
nature of headspace techniques, such as SPME, allow for time-course evaluation of VOCs emission
and have been widely applied in forest tree research not only for plant chemotype classification but
also for plant-pathogen interactions or plant-insect communication [85,86]. This technique simply
requires the optimization of the type of fiber, exposure time and temperature, and desorption time and
temperature [87].

3.2.2. LC-MS Metabolite Profiling

In forest tree research, LC-MS instruments have also been used for untargeted secondary metabolite
profiling and phytohormone quantification studies. The focus of these studies was related with abiotic
stress responses [19-24,67,88,89]; and to a smaller extent to biotic stress responses [90,91] and plant
growth and developmental processes [77,92,93].

Metabolite extraction for LC-MS untargeted analysis are usually performed using a simple
protocol based on methanol [19] or methanol:water 80:20, v/v [20,91] or 50:50, v/v [90] as extraction
solvents. However, most untargeted secondary metabolite profiling studies in forest tree metabolomics
research are performed in combination with GC-qMS or GC-TOF-MS primary metabolite profiling,
ultimately allowing for more comprehensive coverage of the tree metabolome. In these cases, the
chloroform:methanol:water two-phase solvent system is used, and the polar phase is evaporated
to dryness and used for both GC-MS (after derivatization) and LC-MS metabolite profiling (after
reconstitution in methanol:water) [21,77,88,89]. To take full advantage of the chloroform:methanol:water
two-phase solvent system, the non-polar metabolites (lipophilic fraction) are analyzed by GC-MS after
derivatization, for example, with tertmethyl-butyl-ether (MTBE) and trimethylsulfoniumhydroxide
(TMSH) [23,92].

LC coupled to triple quadrupole-MS (LC-QqQ-MS) has been often employed in method
development to quantify phytohormones in plant tissues [94]. Delatorre and co-workers [61] developed
and validated an LC-QqQ-MS analytical method to quantify 20 phytohormones in forest tree species
tissues, using 2-propanal:water:hydrochloric acid (2:1:0.002 v/v/v) and dichloromethane for a two-phase
solvent system, a protocol originally described by Pan and co-workers [95]. Other metabolite extraction
protocols for phytohormone quantification in forest tree species include a modified version of the
well-established solvent extraction protocol described by Bieleski [96], namely methanol:water:formic
acid (15:4:1, v/v/v) [97], methanol:water (80:20, v/v) [98,99], methanol:water:acetic acid (90:9:1, v/v/v) [16],
or water:diethyl ether:acetic acid [22]. The Bieleski solvent extraction protocol [96] has been used for
the extraction of phytohormones, particularly cytokines [100].

3.3. Pre-Analytical Requirements

In targeted and untargeted metabolomic approaches, the presence of matrix interferents can hinder
the MS-based metabolite analysis by adding further complexity in regards to metabolite ionization
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and interfering molecules that influence the signal response of the metabolites under study. Although
in targeted approaches, the use of stable isotopically labeled internal standards can compensate
for matrix-induced ionization effects, the availability of standards in untargeted approaches can be
very limited. In both cases, metabolite concentration and further sample clean-up steps to remove
interferents might be necessary. Solid-phase extraction (SPE) is the method of choice in these cases [5].
SPE is a simple sample preparation technique based on the removal of analytes from a liquid sample
by retention on a solid sorbent (e.g., silica, alkylated silica), based on the functional group interactions
of the analytes, flowing solvent, and the solid sorbent [5,6,101]. The retained analytes are subsequently
eluted from the sorbent using a solvent or solvent mixture with sufficient elution strength. Because it
involves the use of large amounts of solvents and requires several steps of concentration, this technique
is time-consuming and not high-throughput, resulting in an added risk of losing components during
the process. To improve sample high-throughput and reproducibility, 96-well solid-phase extraction
plates, and robotic SPE-MS systems have been developed and are commercially available [101]. An
SPE step is often included in sample preparation for MS-based phytohormone analysis in forest tree
studies to remove interfering components from the matrix, such as pigments, resinic acids, terpenes,
carotenoids, flavonoids, cellulose, and lipids, and increase the recovery rates of the phytohormones
under study [61,64,99].

4. The Importance of Forest Tree Metadata Standardization

Advances in high-throughput MS-based platforms have been responsible for the generation of
extremely large metabolomics datasets. For a comprehensive understanding of biochemical pathways
and regulatory networks involved in different plant processes and responses, metabolomics datasets
can be further integrated with other “omics” studies (e.g., transcriptomics, proteomics), providing
the data is available in a standardized and reproducible way. Thus, the description of metabolomics
studies should include all the information needed to allow the repetition of the experiment and the
re-usability of the data.

To promote standardization of all stages of a metabolomics analysis (i.e., experimental design,
biological context, chemical analysis, and data processing) and ensure metadata consistency,
in 2007, members of the metabolomics community established the Metabolomics Standard Initiative
(MSI) [102,103]. The MSI aimed at reporting standards and provide a clear description of the biological
system under study and of the metabolomics analysis workflows to allow data to be efficiently applied,
shared, and reused. A decade later, a set of guideline principles known as the FAIR principles (i.e.,
Findable, Accessible, Interoperable, and Re-usable) were also designed to assure good (meta)data
management by data holders and data publishers [104]. ELIXIR, the European infrastructure for
biological data (https://elixir-europe.org), has also brought together several communities (e.g., plant
sciences, metabolomics) with the common interest of dealing with the increasing complexity of
data, ultimately making data easier to find, analyze and share. Challenges currently faced by the
metabolomics community, namely (i) minimum information standards and early data capture; (ii)
global spectral databases; (iii) tools and standards registries; (iv) compound identifier mapping; (v)
omics data integration, and (vi) metabolite identification, have also been reported by ELIXIR in a
dedicated workshop [105]. However, despite these initiatives, the compliance with these reporting
standards still varies greatly across public repositories [106], and data and metadata sharing remain a
critical issue in metabolomics publications [107,108].

Within the field of plant metabolomics, forest tree metabolomics studies present additional
challenges concerning the standardization of metadata. Forest trees are species with long life cycles,
and details of the experimental metadata (e.g., parental original or field growth conditions) are often
not described. To re-use data derived from these studies, the description of the metadata should
include detailed information of the harvested material (e.g., geographical location, growth conditions,
biological growth stages, and phenological parameters) [8]. These parameters might reflect adaptive
traits mediated by epigenetic changes that affect the material under study [109,110]. Thus, as epigenetic
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changes affect the transcriptome, proteome, and ultimately the metabolome, the integration of these
“omics” data strongly depends on the availability of detailed information of the harvested material.
Plant phenotyping has been developed significantly over the past years due to the progress in novel
sensors, automation tools, and quantitative data analysis methods. Yet, the consequent increase of
data generation is still a struggle for the standardization of data acquisition and its re-usability [111].

The urge for metadata standardization for plant phenotyping experiments has been addressed
by community-driven projects, for example, the MIAPPE project (Minimal Information About a
Phenotypic Experiment), the ISA framework (investigation, study, assay) [112,113] or the GnpIS data
repository (genetic and genomic information system) [114]. MIAPPE is available as a checklist of
metadata to adequately describe a plant phenotyping experiment and as software to validate, store, and
disseminate MIAPPE-compliant data (https://www.miappe.org/). In early 2019, MIAPPE version 1.1
was released as an extended version to include woody plants and compatibility with other phenotyping
frameworks (e.g., ISA framework), which represents an important step towards the standardization of
forest tree metadata. By providing curated databases, and in accordance with the FAIR principles,
these platforms allow data and metadata to be easier to find, integrate, and analyze. Due to the amount
of data generated in forest tree studies, dedicated databases or extensions to existing databases have
been developed. Dedicated tree databases (e.g., PlantGenlE, TreeGenes, and Hardwood Genomics
Project) covering mostly genetic data have now the goal of associating phenotypic and environmental
data [115].

Integrated into crop ontology, the woody plant ontology has been established as an additional
platform for the annotation of forest tree metadata [116]. The woody plant ontology adds a set of
definitions to the existing crop ontology to describe specific tree traits (e.g., secondary growth in wood
and cork formation). Studies with forest tree species, particularly in field experiments, can take several
years to develop, and it is crucial to adequately annotate all metadata across the tree’s long life cycles.
Such case studies that use machine-accessible metadata can be found in the literature. One example is
the forest growth measurements from individual Picea abies trees over the course of 109 years [117].
The metadata file describing the reported data is openly available in an ISA-tab format and can be
further used to analyze and validate forest growth.

5. Conclusion

Metabolomics studies are often regarded as the ultimate response of biological systems to genetic
or environmental alterations. Although most MS-based plant metabolomics research is performed on
crop and non-tree model species, in recent years, studies on forest tree species have generated particular
interest, especially after major genomics breakthroughs in forest tree research (e.g., availability of
the Populus trichocarpa reference genome in 2006). In this area, MS-based metabolomics represents
a unique opportunity to explore the forest tree’s adaptation to environmental fluctuations as well
as other economic and ecological relevant developmental processes. However, and as previously
discussed, to successfully obtain significant data from metabolomics analyses, it is crucial to have
a well-planned experimental design and an appropriate sample preparation. Any metabolomics
study should include, in great detail, a clear description of the design of the experiment as well as of
other technical parameters. Despite the struggles, continuous efforts from the metabolomics scientific
community have been made to ensure data and metadata reproducibility between laboratories and to
promote the availability of curated databases and repositories containing high-quality data (including
dedicated woody species platforms).

Author Contributions: C.A. conceived the idea and contributed to the organization of the initial manuscript;
AM.R. contributed to Sections 1-5; A.L.R.-B. contributed to Sections 2 and 3. All authors contributed to the critical
editing and organization of the final manuscript.

Funding: This research was funded by Fundagao para a Ciéncia e Tecnologia (FCT) through the FCT Investigator
Programme (contract IF/00376/2012/CP0165/CT0003, CA), the R&D unit GREEN-IT ‘Bioresources for sustainability”
(UID/Multi/04551/2013) and the LEAF R&D unit (UID/AGR/04129/2013). AMR acknowledges FCT for the

185



Metabolites 2019, 9, 285

Ph.D. fellowship (PD/BD/114417/2016), and the ITQB NOVA international Ph.D. programme ‘Plants for Life”
(PD/00035/2013).

Conflicts of Interest: The authors declare no conflict of interest.

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

Oliver, S5.G.; Winson, M.K,; Kell, D.B.; Baganz, F. Systematic functional analysis of the yeast genome. Trends
Biotechnol. 1998, 16, 373-378. [CrossRef]

Jorge, T.E; Rodrigues, ].A.; Caldana, C.; Schmidt, R.; van Dongen, J.T.; Thomas-Oates, ].; Anténio, C. Mass
spectrometry-based plant metabolomics: Metabolite responses to abiotic stress. Mass Spectrom. Rev. 2016, 35,
620-649. [CrossRef] [PubMed]

Alseekh, S.; Wu, S.; Brotman, Y.; Fernie, A.R. Guidelines for sample normalization to minimize batch variation
for large-scale metabolic profiling of plant natural genetic variance. In Plant Metabolomics; Anténio, C., Ed.;
Humana Press: New York, NY, USA, 2018. [CrossRef]

Fernie, A.R.; Stitt, M. On the discordance of metabolomics with proteomics and transcriptomics: Coping
with increasing complexity in logic, chemistry, and network interactions scientific correspondence. Plant
Physiol. 2012, 158, 1139-1145. [CrossRef] [PubMed]

Dettmer, K.; Aronov, P.A.; Hammock, B.D. Mass spectrometry based-metabolomics. Mass Spectrom. Rev.
2007, 26, 51-78. [CrossRef] [PubMed]

Kim, H.K.; Verpoorte, R. Sample preparation for plant metabolomics. Phytochem. Anal. 2010, 21, 4-13.
[CrossRef] [PubMed]

Allwood, ].W.; De Vos, R.C.H.; Moing, A.; Deborde, C.; Erban, A.; Kopka, J.; Goodacre, R.; Hall, R.D.
Plant metabolomics and its potential for systems biology research: Background concepts, technology, and
methodology. Methods Enzymol. 2011, 500, 299-336. [CrossRef]

Rodrigues, A.M.; Miguel, C.; Chaves, I.; Anténio, C. Mass spectrometry-based forest tree metabolomics.
Mass Spectrom. Rev. 2019. [CrossRef]

Martins, M.C.M.; Caldana, C.; Wolf, L.D.; de Abreu, L.G.E. The Importance of Experimental Design, Quality
Assurance, and Control in Plant Metabolomics Experiments. In Plant Metabolomics; Anténio, C., Ed.; Humana
Press: New York, NY, USA, 2018. [CrossRef]

Baumgartner, R.J. Sustainable development goals and the forest sector—A complex relationship. Forests
2019, 10, 152. [CrossRef]

Boncina, A.; Simonci¢, T.; Rosset, C. Assessment of the concept of forest functions in Central European
forestry. Environ. Sci. Policy 2019, 99, 123-135. [CrossRef]

Loomis, ].J.; Knaus, M.; Dziedzic, M. Integrated quantification of forest total economic value. Land Use Policy
2019, 84, 335-346. [CrossRef]

IPCC Core Writing Team. Climate Change 2014: Synthesis Report. In Contribution of Working Groups I, Il and
III to the Fifth Assessment Report of the Intergovernmental Panel on Climate Change; IPCC: Geneva, Switzerland,
2014.

Janz, D.; Behnke, K.; Schnitzler, ].P.; Kanawati, B.; Schmitt-Kopplin, P.; Polle, A. Pathway analysis of the
transcriptome and metabolome of salt sensitive and tolerant poplar species reveals evolutionary adaption of
stress tolerance mechanisms. BMC Plant Biol. 2010, 10, 150. [CrossRef] [PubMed]

Warren, C.R.; Aranda, I.; Cano, FJ. Metabolomics demonstrates divergent responses of two Eucalyptus species
to water stress. Metabolomics 2012, 8, 186-200. [CrossRef]

Correia, B.; Pint6-Marijuan, M.; Castro, B.B.; Brossa, R.; Lopez-Carbonell, M.; Pinto, G. Hormonal dynamics
during recovery from drought in two Eucalyptus globulus genotypes: From root to leaf. Plant Physiol. Biochem.
2014, 82, 151-160. [CrossRef] [PubMed]

Budzinski, I.G.; Moon, D.H.; Morosini, ].S.; Lindén, P.; Bragatto, ].; Moritz, T.; Labate, C.A. Integrated analysis
of gene expression from carbon metabolism, proteome and metabolome, reveals altered primary metabolism
in Eucalyptus grandis bark, in response to seasonal variation. BMC Plant Biol. 2016, 16, 149. [CrossRef]
Correia, B.; Valledor, L.; Hancock, R.D.; Renaut, J.; Pascual, J.; Soares, AM.V.M.; Pinto, G. Integrated
proteomics and metabolomics to unlock global and clonal responses of Eucalyptus globulus recovery from
water deficit. Metabolomics 2016, 12, 141. [CrossRef]

186



Metabolites 2019, 9, 285

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

De Miguel, M.; Guevara, M.A.; Sanchez-Gomez, D.; Maria, N.; Diaz, L.M.; Mancha, J.A.; de Simon, B.E;
Cadabhia, E.; Desai, N.; Aranda, I; et al. Organ-specific metabolic responses to drought in Pinus pinaster Ait.
Plant Physiol. Biochem. 2016, 102, 17-26. [CrossRef]

Rivas-Ubach, A.; Barbeta, A.; Sardans, J.; Guenther, A.; Ogaya, R.; Oravec, M.; Urban, O.; Pefiuelas, ]. Topsoil
depth substantially influences the responses to drought of the foliar metabolomes of Mediterranean forests.
Perspect. Plant Ecol. Syst. 2016, 21, 41-54. [CrossRef]

De Simon, B.F; Sanz, M.; Cervera, M.T.; Pinto, E.; Aranda, I.; Cadahia, E. Leaf metabolic response to water
deficit in Pinus pinaster Ait. relies upon ontogeny and genotype. Environ. Exp. Bot. 2017, 14, 41-55. [CrossRef]
Correia, B.; Hancock, R.D.; Amaral, J.; Gomez-Cadenas, A.; Valledor, L.; Pinto, G. Combined drought and
heat activates protective responses in Eucalyptus globulus that are not activated when subjected to drought or
heat stress alone. Front Plant Sci. 2018, 9, 819. [CrossRef]

Escandén, M.; Meijon, M.; Valledor, L.; Pascual, J.; Pinto, G.; Cafal, M.]. Metabolome integrated analysis of
high-temperature response in Pinus radiata. Front. Plant Sci. 2018, 9, 485. [CrossRef]

Mokochinski, J.B.; Mazzafera, P.; Sawaya, A.C.H.E; Mumm, R.; de Vos, R.C.H.; Hall, R.D. Metabolic responses
of Eucalyptus species to different temperature regimes. J. Integr. Plant Biol. 2018, 60, 397-411. [CrossRef]
[PubMed]

Rodriguez-Calcerrada, J.; Rodrigues, A.M.; Perdiguero, P.; Anténio, C.; Altkin, O.K.; Li, M.; Colada, C.; Gil, L.
A molecular approach to drought-induced reduction in leaf CO, exchange in drought-resistant Quercus ilex.
Physiol. Plant. 2018, 162, 394—408. [CrossRef] [PubMed]

Watanabe, M.; Netzer, F; Tohge, T.; Orf, I; Brotman, Y.; Dubbert, D.; Fernie, A.R.; Rennenberg, H.; Hoefgen, R ;
Herschbach, C. Metabolome and lipidome profiles of Populus canescens twig tissues during annual growth
show phospholipid-linked storage and mobilization of C, N, and S. Front Plant Sci. 2018, 9, 1292. [CrossRef]
[PubMed]

Cadahia, E.; de Simoén, B.E; Aranda, I; Sanz, M.; Sanchez-Gémez, D.; Pinto, E. Non-targeted metabolomic
profile of Fagus sylvatica L. leaves using liquid chromatography with mass spectrometry and gas
chromatography with mass spectrometry. Phytochem. Anal. 2015, 26, 171-182. [CrossRef] [PubMed]
Dhandapani, S.; Jin, J.; Sridhar, V.; Sarojam, R.; Chua, N.H.; Jang, L.C. Integrated metabolome and
transcriptome analysis of Magnolia champaca identifies biosynthetic pathways for floral volatile organic
compounds. BMC Genom. 2017, 18, 463. [CrossRef]

Dean, L.L. Targeted and non-targeted analyses of secondary metabolites in nut and seed processing. Eur. J.
Lipid Sci. Technol. 2018, 120, 1700479. [CrossRef]

Li, S.S.; Wu, Q.; Yin, D.D.; Feng, C.Y,; Liu, Z.A.; Wang, L.S. Phytochemical variation among the traditional
Chinese medicine Mu Dan Pi from Paconia suffruticosa (tree peony). Phytochemistry 2018, 146, 16-24. [CrossRef]
Moura, I.; Duvane, J.A.; Silva, M.].; Ribeiro, N.; Ribeiro-Barros, A.I. Woody species from the Mozambican
Miombo woodlands: A review on their ethnomedicinal uses and pharmacological potential. . Med. Plant
Res. 2018, 12, 15-31. [CrossRef]

Farag, M.A; El-Kersh, D.M.; Ehrlich, A.; Choucry, M.A; El-Seedi, H.; Frolov, A.; Wessjohann, L.A. Variation
in Ceratonia siliqgua pod metabolome in context of its different geographical origin, ripening stage and roasting
process. Food Chem. 2019, 283, 675-687. [CrossRef]

Wang, Z.; Zhu, C; Liu, S.; He, C.; Chen, F; Xiao, P. Comprehensive metabolic profile analysis of the root bark
of different species of tree peonies (Paconia Sect. Moutan). Phytochemistry 2019, 163, 118-125. [CrossRef]
Alvarez-Sanchez, B.; Priego-Capote, F.; de Castro, M.D.L. Metabolomics analysis II. Preparation of biological
samples prior to detection. Trends Anal. Chem. 2010, 29, 120-127. [CrossRef]

Broadhurst, D.L; Kell, D.B. Statistical strategies for avoiding false discoveries in metabolomics and related
experiments. Metabolomics 2006, 2, 171-196. [CrossRef]

Fiehn, O. Metabolomics—The link between genotypes and phenotypes. Plant Mol. Biol. 2002, 48, 155-171.
[CrossRef] [PubMed]

Stitt, M.; Fernie, A.R. From measurements of metabolites to metabolomics: An ‘on the fly” perspective
illustrated by recent studies of carbon-nitrogen interactions. Curr. Opin. Biotechnol. 2003, 14, 136-144.
[CrossRef]

Hall, R.D. Plant metabolomics: From holistic hope, to hype, to hot topic. New Phytol. 2006, 169, 453-468.
[CrossRef]

187



Metabolites 2019, 9, 285

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

Ghimenti, S.; Tabucchi, S.; Lomonaco, T.; Di Francesco, F.; Fuoco, R.; Onor, M.; Lenzi, M.; Trivella, M.G.
Monitoring breath during oral glucose tolerance tests. J. Breath Res. 2013, 7, 017115. [CrossRef]

Lomonaco, T.; Ghimenti, S.; Piga, I.; Biagini, D.; Onor, M.; Fuoco, R.; Paolicchi, A.; Ruocco, L.; Pellegrini, G.;
Trivella, M.G.; et al. Monitoring of warfarin therapy: Preliminary results from a longitudinal pilot study.
Microchem. ]. 2018, 136, 170-176. [CrossRef]

Neale, D.B.; Kremer, A. Forest tree genomics: Growing resources and applications. Nat. Rev. Genet. 2011, 12,
111-122. [CrossRef]

Asbjornsen, H.; Campbell, J.; Jennings, K.; Vadeboncoeur, M.; MclIntire, C.; Templer, P; Phillips, R.; Bauerle, T.;
Dietze, M.; Frey, S.; et al. Guidelines and considerations for designing field experiments for simulating
precipitation extremes in forest ecosystems. Methods Ecol. Evol. 2018, 9, 2310-2325. [CrossRef]
Morgenstern, E.K. Geographic Variation in Forest Trees. In Genetic Basis and Application of Knowledge in
Silviculture; UBC Press: Vancouver, BC, Canada, 1996; ISBN 0-7748-0579-X.

Faria, J.M.; Sena, 1.; Vieira da Silva, I.; Ribeiro, B.; Barbosa, P.; Ascensao, L.; Bennett, R.N.; Mota, M.;
Figueiredo, A.C. In vitro co-cultures of Pinus pinaster with Bursaphelenchus xylophilus: A biotechnological
approach to study pine wilt disease. Planta 2015, 241, 1325-1336. [CrossRef]

Confalonieri, M.; Balestrazzi, A.; Bisoffi, S.; Carbonera, D. In vitro culture and genetic engineering of Populus
spp.: Synergy for forest tree improvement. Plant Cell Tissue Org. Cult. 2003, 72, 109. [CrossRef]

Allwood, ].W.; Heald, J.; Lloyd, A.J.; Goodacre, R.; Mur, L.AJ. Separating the inseparable: The metabolomic
analysis of plant-pathogen interactions. In Plant Metabolomics; Nigel, W.H., Robert, D.H., Eds.; Humana
Press: New York, NY, USA, 2012; Volume 860, pp. 31-49. [CrossRef]

Boughton, B.A.; Thinagaran, D.; Sarabia, D.; Bacic, A.; Roessner, U. Mass spectrometry imaging for plant
biology: A review. Phytochem. Rev. 2016, 15, 445-488. [CrossRef] [PubMed]

Blainey, P.; Krzywinski, M.; Altman, N. Points of significance: Replication. Nat. Methods 2014, 11, 879-880.
[CrossRef] [PubMed]

Fiehn, O.; Wohlgemuth, G.; Scholz, M. Setup and Annotation of Metabolomic Experiments by Integrating
Biological and Mass Spectrometric Metadata. In Data Integration in the Life Sciences; Ludascher, B., Raschid, L.,
Eds.; Springer: Berlin/Heidelberg, Germany, 2005; Volume 3615. [CrossRef]

Lisec, J.; Schauer, N.; Kopka, J.; Willmitzer, L.; Fernie, A.R. Gas chromatography mass spectrometry—Based
metabolite profiling in plants. Nat. Protoc. 2006, 1, 387-396. [CrossRef]

Blaise, B.J.; Correia, G.; Tin, A.; Young, ].H.; Vergnaud, A.-C.; Lewis, M.; Pearce, ]. TM.; Elliott, P;
Nicholson, ].K.; Holmes, E.; et al. Power analysis and sample size determination in metabolic phenotyping.
Anal. Chem. 2016, 88, 5179-5188. [CrossRef]

Xia, J.; Wishart, D.S. Using MetaboAnalyst 3.0 for comprehensive metabolomics data analysis. Curr. Protoc.
Bioinform. 2016, 55, 14.10.1-14.10.91. [CrossRef]

Fukusaki, E.; Kobayashi, A. Plant Metabolomics: Potential for Practical Operation. J. Biosci. Bioeng. 2005,
100, 347-354. [CrossRef]

Hannemann, J.; Poorter, H.; Usadel, B.; Blasing, O.E.; Finck, A.; Tardieu, F; Atkin, O.K;; Pons, T;
Stitt, M.; Gibon, Y. Xeml Lab: A tool that supports the design of experiments at a graphical interface
and generates computer-readable metadata files, which capture information about genotypes, growth
conditions, environmental perturbations and sampling strategy. Plant Cell Environ. 2009, 32, 1185-2000.
[CrossRef]

Van Es, HM.; Gomes, C.P,; Sellmann, M.; van Es, C.L. Spatially-Balanced Complete Block designs for field
experiments. Geoderma 2007, 140, 346-352. [CrossRef]

Gezan, S.A.; White, T.L.; Huber, D.A. Comparison of Experimental Designs for Clonal Forestry Using
Simulated Data. For. Sci. 2006, 52, 108-116. [CrossRef]

Fiehn, O.; Wohlgemuth, G.; Scholz, M.; Kind, T.; Lee, D.Y.; Lu, Y.; Moon, S.; Nikolau, B. Quality control for
plant metabolomics: Reporting MSI-compliant studies. Plant ]. 2008, 53, 691-704. [CrossRef] [PubMed]
Duvane, J.A; Jorge, T.F.; Maquia, I; Ribeiro, N.; Ribeiro-Barros, A.LF.; Anténio, C. Characterization of the
primary metabolome of Brachystegia boehmii and Colophospermum mopane under different fire regimes in
Miombo and Mopane African Woodlands. Front. Plant Sci. 2017, 8, 2130. [CrossRef] [PubMed]

T’Kindt, R.; Morreel, K.; Deforce, D.; Boerjan, W.; Van Bocxlaer, J. Joint GC-MS and LC-MS platforms for
comprehensive plant metabolomics: Repeatability and sample pre-treatment. J. Chromatogr. B. 2009, 877,
3572-3580. [CrossRef] [PubMed]

188



Metabolites 2019, 9, 285

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

Forcat, S.; Bennett, M.-H.; Mansfield, ] W.; Grant, M.R. A rapid and robust method for simultaneously
measuring changes in the phytohormones ABA, JA and SA in plants following biotic and abiotic stress. Plant
Methods 2008, 4, 16. [CrossRef]

Delatorre, C.; Rodriguez, A.; Rodriguez, L.; Majada, J.P.; Ordés, R.J.; Feito, I. Hormonal profiling: Development
of a simple method to extract and quantify phytohormones in complex matrices by UHPLC-MS/MS. |.
Chromatogr. B 2017, 1040, 239-249. [CrossRef]

Vuckovic, D. Current trends and challenges in sample preparation for global metabolomics using liquid
chromatography-mass spectrometry. Anal. Bioanal. Chem. 2012, 403, 1523-1548. [CrossRef]

Gullberg, J.; Jonsson, P.; Nordstrom, A.; Sjostrom, M.; Moritz, T. Design of experiments: An efficient strategy
to identify factors influencing extraction and derivatization of Arabidopsis thaliana samples in metabolomic
studies with gas chromatography/mass spectrometry. Anal. Biochem. 2004, 331, 283-295. [CrossRef]
Rodrigues, A.M.; Anténio, C. Standard Key Steps in Mass Spectrometry-Based Plant Metabolomics
Experiments: Instrument Performance and Analytical Method Validation. In Plant Metabolomics; Anténio, C.,
Ed.; Humana Press: New York, NY, USA, 2018; Volume 1778. [CrossRef]

Jorge, T.F.; Mata, A.T.; Antonio, C. Mass spectrometry as a quantitative tool in plant metabolomics. Philos.
Trans. R. Soc. A 2016, 374, 20150370. [CrossRef]

Harfouche, A.; Meilan, R.; Altman, A. Molecular and physiological responses to abiotic stress in forest trees
and their relevance to tree improvement. Tree Physiol. 2014, 34, 1181-1198. [CrossRef]

Srivastava, V.; Obudulu, O.; Bygdell, J.; Lofstedt, T.; Rydén, P.; Nilsson, R.; Ahnlund, M.; Johansson, A.;
Jonsson, P.; Freyhult, E.; et al. OnPLS integration of transcriptomic, proteomic and metabolomic data shows
multi-level oxidative stress responses in the cambium of transgenic hipI- superoxide dismutase Populus
plants. BMC Genom. 2013, 14, 893. [CrossRef]

Angelcheva, L.; Mishra, Y.; Antti, H.; Kjellsen, T.; Funk, C.; Strimbeck, R.G.; Schroder, W.P. Metabolomic
analysis of extreme freezing tolerance in Siberian spruce (Picea obovata). New Phytol. 2014, 204, 545-555.
[CrossRef] [PubMed]

Wang, L.; Qu, L.; Hu, J.; Zhang, L.; Tang, F.; Lu, M. Metabolomics reveals constitutive metabolites that
contribute resistance to fall webworm (Hyphantria cunea) in Populus deltoides. Environm. Exp. Bot. 2017, 136,
31-40. [CrossRef]

Andersson-Gunneras, S.; Mellerowicz, E.J.; Love, J.; Segerman, B.; Ohmiya, Y.; Coutinho, PM.; Nilsson, P;
Henrissat, B.; Moritz, T.; Sundberg, B. Biosynthesis of cellulose-enriched tension wood in Populus: Global
analysis of transcripts and metabolites identifies biochemical and developmental regulators in secondary
wall biosynthesis. Plant ]. 2006, 45, 144-165. [CrossRef] [PubMed]

Druart, N.; Johansson, A.; Baba, K.; Schrader, J.; Sjodin, A.; Bhalerao, R.R.; Resman, L.; Trygg, J.; Moritz, T.;
Bhalerao, R.P. Environmental and hormonal regulation of the activity-dormancy cycle in the cambial meristem
involves stage-specific modulation of transcriptional and metabolic networks. Plant ]. 2007, 50, 557-573.
[CrossRef]

Hoffman, D.E.; Jonsson, P; Bylesjo, M.; Trygg, J.; Antti, H.; Eriksson, M.E.; Moritz, T. Changes in diurnal
patterns within the Populus transcriptome and metabolome in response to photoperiod variation. Plant Cell
Environ. 2010, 33, 1298-1313. [CrossRef]

Kusano, M.; Jonsson, P.; Fukushima, A.; Gullberg, J.; Sjostrom, M.; Trygg, J.; Moritz, T. Metabolite signature
during short-day induced growth cessation in Populus. Front. Plant Sci. 2011, 2, 29. [CrossRef]

Businge, E.; Brackmann, K.; Moritz, T.; Egertsdotter, U. Metabolite profiling reveals clear metabolic changes
during somatic embryo development of Norway spruce (Picea abies). Tree Physiol. 2012, 32, 232-244.
[CrossRef]

Li, Q.F; Wang, ].H.; Pulkkinen, P.; Kong, L.S. Changes in the metabolome of Picea balfouriana embryogenic
tissues that were linked to different levels of 6-BAP by gas chromatography-mass spectrometry approach.
PLoS ONE 2015, 10, e0141841. [CrossRef]

Guerra, EP; Richards, J.H.; Fiehn, O.; Famula, R.; Stanton, B.].; Shuren, R.; Skykes, R.; Davis, M.E,; Neale, D.B.
Analysis of the genetic variation in growth, ecophysiology, and chemical and metabolomic composition of
wood of Populus trichocarpa provenances. Tree Genet. Genomes 2016, 12, 6. [CrossRef]

Dobrowolska, I.; Businge, E.; Abreu, I.N.; Moritz, T.; Egertsdotter, U. Metabolome and transcriptome profiling
reveal new insights into somatic embryo germination in Norway spruce (Picea abies). Tree Physiol. 2017, 37,
1752-1766. [CrossRef]

189



Metabolites 2019, 9, 285

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

Dudareva, N.; Negre, F.; Nagegowda, D.; Orlova, . Plant volatiles: Recent advances and future perspectives.
Crit. Rev. Plant Sci. 2006, 25, 417-440. [CrossRef]

Figueiredo, A.C. Biological properties of essential oils and volatiles: Sources of variability. Nat. Volatiles
Essent. Oils 2017, 4, 1-13.

Council of Europe. European Pharmacopoeia, 7th ed.; European Directorate for the Quality of Medicines and
Healthcare: Strasbourg, France, 2010.

Keszei, A.; Brubaker, C.L.; Foley, W.J. A molecular perspective on terpene variation in Australian Myrtaceae.
Aust. ]. Bot. 2008, 56, 197-213. [CrossRef]

Keszei, A.; Brubaker, C.L.; Carter, R.; Kéllner, T.; Degenhardst, J.; Foley, W.J. Functional and evolutionary
relationships between terpene synthases from Australian Myrtaceae. Phytochemistry 2010, 71, 844-852.
[CrossRef] [PubMed]

Arrabal, C.; Garcia-Vallejo, M.C.; Cadahia, E.; Cortijo, M.; de Simon, B.E. Characterization of two chemotypes
of Pinus pinaster by their terpene and acid patterns in needles. Plant Syst. Evol. 2012, 298, 511-522. [CrossRef]
Rodrigues, AM.; Mendes, M.D.; Lima, A.S.; Barbosa, PM.; Ascensao, L.; Barroso, J.G.; Pedro, L.G.;
Mota, M.M.; Figueiredo, A.C. Pinus halepensis, P. pinaster, P. pinea and P. sylvestris essential oils chemotypes
and monoterpene hydrocarbon enantiomers, before and after inoculation with the pinewood nematode
Bursaphelenchus xylophilus. Chem. Biodivers. 2017, 14, e1600153. [CrossRef] [PubMed]

Szmigielski, R.; Cieslak, M.; Rudzinski, K.J.; Maciejewska, B. Identification of volatiles from Pinus silvestris
attractive for Monochamus galloprovincialis using a SPME-GC/MS platform. Environ. Sci. Pollut. Res. Int. 2011,
9, 2860-2869. [CrossRef] [PubMed]

Gongalves, E.; Figueiredo, A.C.; Barroso, J.G.; Henriques, J.; Sousa, E.; Bonifacio, L. Effect of Monochamus
galloprovincialis feeding on Pinus pinaster and Pinus pinea, oleoresin and insect volatiles. Phytochemistry 2020,
169, 112159. [CrossRef]

Schifer, B.; Hennig, P.; Engewald, W. Analysis of monoterpenes from conifer needles using solid phase
microextraction. J. High Res. Chromatogr. 1995, 18, 587-592. [CrossRef]

Riikonen, J.; Kontunen-Soppela, S.; Ossipov, V.; Tervahauta, A.; Tuomainen, M.; Oksanen, E.; Vapaavouri, E.;
Heinonen, J.; Kivimdenpaa, M. Needle metabolome, freezing tolerance and gas exchange in Norway spruce
seedlings exposed to elevated temperature and ozone concentration. Tree Physiol. 2012, 32, 1102-1112.
[CrossRef]

De Simon, B.F,; Cadahia, E.; Aranda, I. Metabolic response to elevated CO; levels in Pinus pinaster Aiton
needles in an ontogenetic and genotypic-dependent way. Plant Physiol. Biochem. 2018, 132, 202-212.
[CrossRef] [PubMed]

Hantao, L.W.; Ribeiro, EA.L.; Passador, M.M.; Furtado, E.L.; Poppi, R.J.; Gozzo, E.C.; Augusto, E. Metabolic
profiling by ultra-performance liquid chromatography mass spectrometry and parallel factor analysis for the
determination of disease biomarkers in Eucalyptus. Metabolomics 2014, 13, 1318-1325. [CrossRef]
Rivas-Ubach, A.; Sardans, J.; Hodar, J.A.; Garcia-Porta, J.; Guenther, A.; Pasa-Toli¢, L.; Oravec, M.; Urban, O.;
Pefiuelas, J. Close and distant: Contrasting the metabolism of two closely related subspecies of Scots pine
under the effects of folivory and summer drought. Ecol. Evol. 2017, 7, 8976-8988. [CrossRef] [PubMed]
Meijon, M.; Feito, I.; Oravec, M.; Delatorre, C.; Weckwerth, W.; Majada, J.; Valledor, L. Exploring natural
variation of Pinus pinaster Aiton using metabolomics: Is it possible to identify the region of origin of a pine
from its metabolites? Mol. Ecol. 2016, 25, 959-976. [CrossRef]

Obudulu, O.; Méhler, N.; Skotare, T.; Bygdell, J.; Abreu, LN.; Ahnlund, M.; Latha Gandla, M.; Petterle, A.;
Moritz, T.; Hvidsten, T.R.; et al. A multi-omics approach reveals function of Secretory Carrier-Associated
Membrane Proteins in wood formation of Populus trees. BMC Genom. 2018, 19, 11. [CrossRef]

Pan, X.; Wang, X. Profiling of plant hormones by mass spectrometry. J. Chromatogr. B 2009, 877, 280-2813.
[CrossRef]

Pan, X.; Welti, R.; Wang, X. Quantitative analysis of major plant hormones in crude plant extracts by
high-performance liquid chromatography-mass spectrometry. Nat Protoc. 2010, 5, 986-992. [CrossRef]
Bieleski, R.L. The problem of halting enzyme action when extracting plant tissues. Anal. Biochem. 1964, 9,
431-442. [CrossRef]

Kang, J.W.; Lee, H.; Lim, H.; Lee, W.Y. Identification of potential metabolic markers for the selection of a
high-yield clone of Quercus acutissima in clonal seed orchard. Forests 2018, 9, 116. [CrossRef]

190



Metabolites 2019, 9, 285

98.

99.

100.

101.

102.

103.

104.

105.

106.

107.

108.

109.

110.

111.

112.

113.

114.

115.

De Diego, N.; Pérez-Alfocea, E; Cantero, E.; Lacuesta, M.; Moncalean, P. Physiological response to drought
in radiata pine: Phytohormone implication at leaf level. Tree Physiol. 2012, 32, 435-449. [CrossRef]

Ryu, M.; Mishra, R.C.; Jeon, ].; Lee, S.K.; Bae, H. Drought-induced susceptibility for Cenangium ferruginosum
leads to progression of Cenangium-dieback disease in Pinus koraiensis. Sci. Rep. 2018, 8, 16368. [CrossRef]
[PubMed]

Novak, O.; Hauserov4, E.; Amakorova, P; Dolezal, K.; Strnad, M. Cytokinin profiling in plant tissues using
ultra-performance liquid chromatography-electrospray tandem mass spectrometry. Phytochemistry 2008, 69,
2214-2224. [CrossRef] [PubMed]

Raterink, R.J.; Lindenburg, PW.; Vreeken, R.J.; Ramautar, R.; Hankemeier, T. Recent developments in
sample-pretreatment techniques for mass spectrometry-based metabolomics. Trends Anal. Chem. 2014, 61,
157-167. [CrossRef]

Fiehn, O.; Robertson, D.; Griffin, J.; van der Werf, M.; Nikolau, B.; Morrison, N.; Sumner, L.W.; Goodacre, R.;
Hardy, N.W,; Taylor, C.; et al. The metabolomics standards initiative (MSI). Metabolomics 2007, 3, 175-178.
[CrossRef]

Fiehn, O.; Sumner, L.W.; Rhee, S.Y.; Ward, ].; Dickerson, J.; Lange, B.M.; Lane, G.; Roessner, U.; Last, R.;
Nikolau, B. Minimum reporting standards for plant biology context information in metabolomic studies.
Metabolomics 2007, 3, 195-201. [CrossRef]

Wilkinson, M.D.; Dumontier, M.; Aalbersberg, L].; Appleton, G.; Axton, M.; Baak, A.; Blomberg, N.;
Boiten, ].W.; da Silva Santos, L.B.; Bourne, P.E.; et al. The FAIR Guiding Principles for scientific data
management and stewardship. Sci. Data 2016, 3, 160018. [CrossRef]

Van Rijswijk, M.; Beirnaert, C.; Caron, C.; Cascante, M.; Dominguez, V.; Dunn, W.B.; Ebbels, TM.D.;
Giacomoni, F.; Gonzalez-Beltran, A.; Hankemeier, T.; et al. The future of metabolomics in ELIXIR. F1000Res
2017, 6, 1649. [CrossRef]

Spicer, R.A.; Salek, R.; Steinbeck, C. Compliance with minimum information guidelines in public metabolomics
repositories. Sci. Data 2017, 4, 170137. [CrossRef]

Rocca-Serra, P; Salek, R.M.; Arita, M.; Correa, E.; Dayalan, S.; Gonzalez-Beltran, A.; Ebbels, T.; Goodacre, R.;
Hastings, J.; Haug, K.; et al. Data standards can boost metabolomics research, and if there is a will, there is a
way. Metabolomics 2016, 12, 14. [CrossRef]

Spicer, R.A_; Steinbeck, C. A lost opportunity for science: Journals promote data sharing in metabolomics but
do not enforce it. Metabolomics 2018, 14, 16. [CrossRef]

Yakovlev, L.A.; Fossdal, C.G.; Johnsen, @. MicroRNAs, the epigenetic memory and climatic adaptation in
Norway spruce. New Phytol. 2010, 187, 1154-1169. [CrossRef] [PubMed]

Brautigam, K.; Vining, K.J.; Lafon-Placette, C.; Fossdal, C.G.; Mirouze, M.; Marcos, ].G.; Fluch, S.; Fraga, M.E;
Guevara, M.A.; Abarca, D.; et al. Epigenetic regulation of adaptive responses of forest tree species to the
environment. Ecol. Evol. 2013, 3, 399-415. [CrossRef] [PubMed]

Pieruschka, R.; Schurr, U. Plant Phenotyping: Past, Present, and Future. Plant Phenomics 2019, 7507131.
[CrossRef]

Krajewski, P; Chen, D.; Cwiek, H.; van Dijk, A.D.; Fiorani, E; Kersey, P; Klukas, C.; Lange, M.; Markiewicz, A.;
Nap, J.P; et al. Towards recommendations for metadata and data handling in plant phenotyping. J. Exp. Bot.
2015, 66, 5417-5427. [CrossRef]

Cwiek-Kupczynska, H.; Altmann, T.; Arend, D.; Arnaud, E.; Chen, D.; Cornut, G.; Fiorani, F; Frohmberg, W.;
Junker, A.; Klukas, C.; et al. Measures for interoperability of phenotypic data: Minimum information
requirements and formatting. Plant Methods 2016, 12, 44. [CrossRef]

Pommier, C.; Michotey, C.; Cornut, G.; Roumet, P.; Duchéne, E.; Flores, R.; Lebreton, A.; Alaux, M.; Durand, S.;
Kimmel, E.; et al. Applying FAIR Principles to Plant Phenotypic Data Management in GnplIS. Plant Phenontics
2019, 2019, 1671403. [CrossRef]

Wegrzyn, J.L.; Staton, M.A ; Street, N.R.; Main, D.; Grau, E.; Herndon, N.; Buehler, S.; Falk, T.; Zaman, S.;
Ramnath, R.; et al. Cyberinfrastructure to improve forest health and productivity: The role of tree databases
in connecting genomes, phenomes, and the environment. Front. Plant Sci. 2019, 10, 813. [CrossRef]

191



Metabolites 2019, 9, 285

116. Michotey, C.; Chaves, I.; Anger, C.; Bastien, C.; Jorge, V.; Ehrenmann, F.; Adam-Blondon, A.-E; Miguel, C.
Woody Plant Ontology—A New Ontology for Describing Woody Plant Traits COSTFA1306 Meeting 2018—Plant
Phenotyping for Future Climate Challenges; University of Leuven: Leuven, Belgium, 2018.

117. Kindermann, G.E.; Kristofel, F.; Neumann, M.; Rossler, G.; Ledermann, T.; Schueler, S. 109 years of forest
growth measurements from individual Norway spruce trees. Sci. Data 2018, 5, 180077. [CrossRef]

@ © 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
@ article distributed under the terms and conditions of the Creative Commons Attribution
[

(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

192



MDPI
St. Alban-Anlage 66
4052 Basel
Switzerland
Tel. +41 61 683 77 34
Fax +41 61 302 89 18

www.mdpi.com

Metabolites Editorial Office
E-mail: metabolites@mdpi.com
www.mdpi.com/journal/metabolites







MDPI

St. Alban-Anlage 66
4052 Basel
Switzerland

Tel: +41 61 683 77 34

/
Fax: +41 61 302 89 18 mI\D\Py
/

www.mdpi.com ISBN 978-3-03943-814-3



	Blank Page



