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ABSTRACT: In clinical analyses, the most appropriate bioﬂuid should be
analyzed for optimal assay performance. For biological ﬂuids, the most
readily accessible is blood, and metabolomic analyses can be performed
either on plasma or serum. To determine the optimal agent for analysis,
metabolic proﬁles of matched human serum and plasma were assessed by
gas chromatography/time-of-ﬂight mass spectrometry and ultrahigh-performance liquid chromatography mass spectrometry (in positive and
negative electrospray ionization modes). Comparison of the two metabolomes, in terms of reproducibility, discriminative ability and coverage,
indicated that they oﬀered similar analytical opportunities. An analysis of the variation between 29 small-cell lung cancer (SCLC)
patients revealed that the diﬀerences between individuals are markedly similar for the two bioﬂuids. However, signiﬁcant diﬀerences
between the levels of some speciﬁc metabolites were identiﬁed, as were diﬀerences in the intersubject variability of some metabolite
levels. Glycerophosphocholines, erythritol, creatinine, hexadecanoic acid, and glutamine in plasma, but not in serum, were shown to
correlate with life expectancy for SCLC patients, indicating the utility of metabolomic analyses in clinical prognosis and the
particular utility of plasma in relation to the clinical management of SCLC.

P

eripheral blood represents a potential source of information
about the physiological state of an individual and provides a
snapshot of the whole organism metabolism of that individual.1 It
is therefore not surprising that blood-derived ﬂuids are widely
applied in genomic, transcriptomic, proteomic, and metabolomic
studies of mammalian systems. These include their use in diagnosis2 5 and as part of wider studies into the eﬀects of genotype,6
diet,7 exercise,8 age,9,10 gender,11,12 ethnicity,13 and weight14
on human biological processes.
Two distinct bioﬂuids can be separated from blood after
phlebotomy: serum and plasma. The essential diﬀerence is that
whereas serum is collected after a process of clotting, plasma is
collected without clotting. Serum and plasma are separated from
macroparticles in whole blood, including coagulated material and
cells, by centrifugation. Considerable eﬀort has been applied to
mapping the complex proteome of these ﬂuids and identifying
r 2011 American Chemical Society

their relative merits in clinical applications.15 A number of
studies15 18 have found that serum samples are more prone to
ex vivo protein degradation, which leads to protein fragmentation and therefore to the generation of large numbers of small
peptides that can complicate signiﬁcantly the task of extracting
meaningful information. Further, it is harder to standardize the
collection of serum (compared to plasma) due to the additional
processing steps, requiring choices of clotting time and temperature. Standardization is important in the clinical environment,
and simplicity is favored; for example, availability or use of ice or
freezers in a busy clinic environment may be limited. Storage
temperature is also important in relation to sample stability.18,19
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For these reasons, plasma has been the preferred bioﬂuid for
proteomic studies.
The metabolome has the potential to be as informative as the
proteome in the diagnosis of disease and should be more
powerful in analyzing the eﬀects on metabolism of environmental factors, including diet and lifestyle.20 23 The choice of
bioﬂuid for use in metabolomic analysis has usually been made
on the basis of the targets, the purpose of the analysis, and the
preference of the researcher, and it is often assumed that serum
and plasma oﬀer the same analytical opportunities. However, this
study tests this assumption, which may be invalid for a number of
reasons. The clotting process used in the preparation of serum
removes a proportion of the blood-borne proteins: speciﬁcally,
clotting agents, including ﬁbrinogen. It may be expected that
other small molecules are precipitated in or absorbed by the
insoluble clot, resulting in their loss from serum after centrifugation. Further, changes in the clotting time and temperature have
been shown to inﬂuence the metabolite composition of serum.19
A complication associated with plasma is the presence of anticoagulants, typically either sodium or lithium heparin, potassium
EDTA, or sodium citrate. Citrate and EDTA have molecular
weights in the same range as endogenous metabolites, whereas
sodium and potassium can be expected to form adducts with
metabolites in electrospray ionization mass spectrometry (ESIMS) and add complexity to data.24 All three typical anticoagulants are expected to be present in micromoles per liter or
millimoles per liter in plasma and will therefore be detectable
in metabolic proﬁling and metabolite-targeted analysis studies.
Concerns have previously been expressed about the matrix
eﬀects of lithium heparin during LC/MS analysis of plasma.25
Previous studies have investigated the diﬀerences between
serum and plasma metabolomes applying holistic (i.e., nontargeted)
metabolic proﬁling platforms, either NMR,26 gas chromatography
mass spectrometry (GC/MS)27 or ultrahigh performance liquid
chromatography mass spectrometry (UHPLC/MS).28 30 No
single analytical technique can identify the large range of
metabolites present in biological samples,31 and the combination
of data from multiple analytical platforms is advised.32 Varying
extraction methods and ranges of organic solvents have been
tested for the preparation of serum and plasma samples for the
intended purpose of metabolic proﬁling, with the majority of
studies ﬁnding that deproteinization with methanol gave the best
reproducibility, with high levels of protein removal while still
leading to the detection of a large number of metabolite features
during GC/MS or LC/MS analyses.27,33,34 On the basis of these
results, methanol deproteinization was deemed the most appropriate extraction method to apply within the current study, in
which we have analyzed serum and plasma using both UHPLC/
MS and GC/MS, with the aim of identifying a larger proportion
of the whole metabolome. Although metabolome coverage is
increased by applying two chromatography mass spectrometry
platforms, some metabolites present in serum and plasma are
unlikely to be detected due to a number of reasons, including
chemical diversity and their concentration in the sample being
below the current analytical limit of detection. Further analytical
development to broaden the number and range of metabolites to
be detected is required in the future.
Typical concentrations of certain metabolites vary between
serum and plasma.30,35 However, metabolomic studies are based
on the detection of metabolites whose concentration is seen to
diﬀer signiﬁcantly between classes. For example, medical diagnostics is based on diﬀerences in the concentrations of metabolic
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biomarkers between healthy and diseased subjects.19,36 In this
study, we interrogated serum and plasma from 29 individuals
with the general aims to (i) identify overall diﬀerences in the
compositions of serum and plasma from the same individuals
and, more signiﬁcantly, (ii) concentrate on diﬀerences observed
between individual subjects and ascertain whether the intersubject variability is more pronounced in serum or in plasma. The
latter involved the use of clustering analysis methods (Procrustes
transformation and Mantel correlation) previously unused in
serum plasma comparisons. From these data, we aim to ascertain whether a single bioﬂuid is more informative in the study of
mammalian metabolomes or whether both bioﬂuids are of equal
value, in terms of discrimination and reproducibility. Furthermore, samples, with associated outcome data, collected as part of
a small cell lung carcinoma (SCLC) study were analyzed in this
study. Lung cancer is responsible for more than 1 000 000 deaths
worldwide each year.37 SCLC represents 15 20% of all new
cases and is characterized by an aggressive clinical course such
that few patients survive beyond 2 years from diagnosis.38
Strategies to improve treatment outcomes in patients with SCLC
are urgently required. Equally, strategies are required to avoid
giving potentially toxic chemotherapy treatments to patients who
will not beneﬁt. Therefore, a further objective of this study was
speciﬁc to SCLC, that is, to ascertain whether metabolic prognostic biomarkers could be identiﬁed in serum or plasma that
may aid in deﬁning patients according to chance of beneﬁt/risks
of treatment.39

’ EXPERIMENTAL SECTION
Sample Collection, Storage and Selection. Samples were
collected and processed according to standard operating procedures from patients undergoing treatment with standard chemotherapy at The Christie Hospital, Manchester who gave written,
informed consent to ethically approved protocols. Further details
are provided in the Supporting Information (SI). All samples were
transported and stored as described in ref 40 and include appropriate health and safety protocols to eliminate or reduce risks
associated with handling human blood products.
Extraction and Derivatization of Metabolites from Plasma
and Serum. Small molecule extraction from serum and plasma
was based upon the addition of methanol to remove proteins by
precipitation.40 Samples were derivatized before GC/TOF-MS
analysis with N-methyl-N-(trimethylsilyl)trifluoroacetamide. The
extraction and derivatization methods are described further in the SI.
GC/TOF-MS Analysis. The plasma and serum samples were
analyzed applying a previously described analytical method41
upon an Agilent 6890N GC (Agilent, Stockport, UK) coupled to
a Pegasus III (4D) electron impact ionization mass spectrometer
(LECO, Stockport, UK). Samples were analyzed over two
separate analytical batches (one for plasma and one for serum),
each randomized according to the available metadata on gender,
body mass index and disease severity (measured as the number of
days of survival after sample collection) so as not to bias statistical
analysis by analytical drift. Further details are provided in the SI.
UHPLC/MS Analysis. All samples were analyzed on an Accela
UHPLC system (ThermoScientific, Hemel Hempsted, U.K.)
coupled to an electrospray LTQ-Orbitrap XL hybrid mass spectrometry system (ThermoFisher, Bremen, Germany). Serum
and plasma samples were analyzed separately, in ESI+ and ESI
modes. UHPLC separations were performed using a method
similar to that previously described.42 However, due to our use of
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an alternative UHPLC system, the Thermo Accela, the nonlinear
gradient method (available on Waters systems) was adapted to a
linear water methanol gradient, and an alternative column of a
comparable stationary phase composition was employed (Hypersil
GOLD; length 100 mm, diameter 2.1 mm, particle size 1.9 μm;
Fisher Scientific, Loughborough, U.K.). Further details are provided
in the SI.
Metabolite Identification. For GC/MS data, following the
metabolomics standards initiative for chemical analysis,43 putative identification of metabolites was performed by comparison
of the mass spectra acquired for samples to those present in a
range of commercially and freely available mass spectral libraries
(including the NIST/EPA/NIH library) and the Golm Metabolome Database,44 as described in the SI. The putative identification of metabolic features detected on the UHPLC/MS platform
was performed applying the PUTMEDID LCMS set of workflows as previously described.45
Comparison of Metabolite Features Present in Serum and
Plasma. For the UHPLC/MS data, metabolite features present
in both serum and plasma were identified as those that had a m/z
difference of e0.01 and a retention time (RT) difference
of e10s. For each pair of matched peaks, Pearson correlation
coefficients were calculated between the peak areas in serum and
the corresponding values in plasma. Separately for UHPLC/MSESI+, UHPLC/MS-ESI and GC/TOF-MS data, principal component analysis (PCA) was performed, as described in the SI.
Construction of Metabolite Groups. UHPLC/MS features
were grouped into metabolite groups such that the range of
retention times within a metabolite group had a maximum value
of 3 s and the pairwise Pearson correlations of the features within
the group all had values of at least 0.9. Features grouped together
were also required to have specific mass differences, corresponding to differences in isotope, adduct, or charge. The algorithm is
derived from Brown et al.24 and was performed using freely
available software.45
Statistical Methods. A univariate method was used to assess
metabolite correlations with survival times. Pearson correlation
coefficients were separately calculated between the area of each
peak (across subjects) and the survival times of the subjects (in
days) from the date on which the sample was taken. Permutation
tests (n = 1000) were conducted using the Westfall Young
method46 to obtain p values, that is, probabilities that these
correlations have arisen by chance.
Two-way analysis of variance (ANOVA) calculations were
carried out on those samples that were analyzed in triplicate to
assess the relative contributions of the ﬂuid type and the subject
identity to the variation in the observed concentration of each
metabolomic feature, as described in the SI.
For the features identiﬁed by GC/TOF-MS or UHPLC/MS,
relative standard deviations, RSD, were calculated using the
formula RSD = standard deviation  100%/mean.

’ RESULTS AND DISCUSSION
Technical Reproducibility of the Analytical Approach. The
technical reproducibility of the data was assessed by (i) calculating pairwise Pearson correlation coefficients between the
samples analyzed in triplicate, (ii) determining RSDs of the
metabolomic features, and (iii) assessing the consistency
of missing values across technical replicates. All three methods
indicate high levels of technical reproducibility, as detailed
in the SI.
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Similarity of Features and Metabolite Groups Identified
from Serum and Plasma. After quality assurance processes, the

number of metabolite features in serum detected by UHPLC/
MS+, UHPLC/MS , and GC/TOF-MS analytical platforms
were 2877, 2469, and 170, respectively. The corresponding
numbers for plasma were 3080, 2258, and 178. Thus, more
metabolite features were detected in serum than in plasma with
UHPLC/MS operating in the negative ion mode, but the other
two platforms detected more metabolite features in plasma.
Because no mass spectral libraries and associated software are
available for the holistic and automated identiﬁcation of all
detected metabolic features from UHPLC/MS data, as is becoming available for GC/TOF-MS data, the preliminary analysis of
the UHPLC/MS data was carried out on metabolite features rather
than on identiﬁed metabolites. For UHPLC/MS data, metabolite
features that were common to serum and plasma were identiﬁed
via m/z and RT matching. The interbatch mean diﬀerence in RTs
for the resulting features was low, less than 1.5 s for both positive
and negative ion mode, which strongly suggests that the great
majority of these features correspond to the same molecular
species in serum and in plasma.
For GC/TOF-MS, UHPLC/MS+, and UHPLC/MS analytical
platforms, respectively, 148, 2060, and 1659 metabolic features
were detected in both plasma and serum. For GC/TOF-MS, this
corresponds to over 80% of the identiﬁed metabolites and for
UHPLC/MS to ∼70%, in both positive and negative ion modes.
However, multiple UHPLC/MS derived metabolic features
typically arise from a single metabolite as a result of isotopes,
adducts, and fragmentation.24 We used a previously developed
method24,45 to group metabolite features into metabolite groups,
based on RT matching, the identiﬁcation of speciﬁc m/z diﬀerences, and correlation analysis. If a metabolite is present in
observable quantities in both serum and plasma, we would expect
the majority of the associated features to also be observed in both
serum and plasma. Alternatively, if a metabolite is found only in
one bioﬂuid, we would expect none of its associated features to be
observed in the other bioﬂuid.
As expected, the distributions of the resulting measures
(Figure 1A) show a clear split between metabolite groups
identiﬁed in both serum and plasma (322 groups with >90%
overlap) and metabolite groups identiﬁed in just one ﬂuid (117
metabolite groups with 0% overlap). Between overlap fractions
of 0.9 and 0.0, the number of metabolite groups is low. The 213
metabolite groups in this intermediate region cannot be assigned
with such high conﬁdence. Many of them may correspond to
metabolites that are common to serum and plasma, but which
form diﬀerent types of ions in the two bioﬂuids and therefore
share only some common metabolic features.
The level of overlap among metabolites identiﬁed in serum
and plasma is similar to or higher than that found during
proteomic analyses. The HUPO Plasma Proteome Project found
that, on average, 68% of peptides found in serum were also found
in plasma and 52% of the peptides found in plasma were also
found in serum.1,17 The average ﬁgures for the metabolites
identiﬁed (after integration of metabolic features to metabolites)
via GC/TOF-MS are 87% and 83%. For metabolite features, the
corresponding ﬁgures are 70% for both serum and plasma; for
metabolite groups identiﬁed from UHPLC/MS, overlap percentages are between 51% and 78% for serum and between 48% and
86% for plasma (after combining the numbers of metabolite
groups in positive and negative ion mode; see SI). The clotting
process removes a proportion of blood-borne proteins, and
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Figure 1. (A) Distribution of the fractional overlap of metabolite groups between serum and plasma. Metabolite groups containing three or more
features have been included, and frequencies have been summed across UHPLC/MS-ESI+ and UHPLC/MS-ESI . (B D) Correlations between the
features common to serum and plasma in (B) UHPLC/MS-ESI , (C) UHPLC/MS-ESI+, and (D) GC/TOF-MS.

serum is more prone to ex vivo protein degradation than is
plasma,15 18 which may explain the greater diﬀerence between
the proteomes than the metabolomes of serum and plasma.
Univariate Analysis. For each metabolite feature identified in
both fluids, Pearson correlation coefficients were calculated
between the peak areas in serum and plasma. The histograms
resulting from each of the three platforms (Figure 1B D) show
strong correlations between most of the common features
identified in serum and plasma, indicating that the concentrations of many metabolites follow similar trends in serum and
plasma, though this does not define whether the same detected
concentration is observed.
ANOVA was performed on the six samples that were analyzed
in triplicate, yielding 36 injections in all (2 ﬂuid types  6
subjects  3 technical replicates) for each analytical technique.
Metabolites that have, on average, higher concentrations in one
ﬂuid than in the other will have part of their variance explained by
the ﬂuid type. However, of more interest are the other two factors
that contribute to the variance, that is, the subject and the
interaction (bioﬂuid type  subject). If the bioﬂuid type has a
strong bearing on the intersubject variability, we would expect
the amount of variance explained by the interaction to be larger
than that explained by the between-subject variance. In fact, the
opposite is true, with the subject identity itself explaining
approximately 5 times as much of the variance as the interaction
(Table S4 of the Supporting Information).
The variance not explained by ﬂuid type, subject, or the
interaction arises from technical variance. It is noticeable that
this makes a larger contribution during GC/TOF-MS than
during UHPLC/MS. Indeed, it has been shown previously in

large-scale studies of human serum that the variation associated
with multiple injections of a quality control (QC) sample is
higher for GC/MS compared with UHPLC/MS.41,47 It is
suspected that the sources of this increased variation are the
additional chemical derivatization processes during sample preparation; the reproducibility of 1 μL vs 10 μL injection volumes
for GC/TOF-MS and UHPLC/MS platforms, respectively; the
evaporation of solvent during the period of analysis; and
the chemical stability of trimethylsilyl derivatization products.
ANOVA also yields p values, which indicate whether each
variable has a signiﬁcant eﬀect on the observed peak area
(Table S4 of the Supporting Information, ﬁgures in brackets).
These show that the subject identity has a statistically signiﬁcant
eﬀect on 79% of the UHPLC/MS metabolic features and 49% of
the GC/TOF-MS features common to serum and plasma. By
contrast, the interaction has a signiﬁcant eﬀect on only 34% of the
UHPLC/MS peaks and 9% of the GC/TOF-MS peaks. These
ﬁgures indicate that a large number of metabolic features vary
between subjects, and this variation is unaﬀected by the choice of
ﬂuid in most cases.
A number of studies have shown that the proteomes identiﬁed
from the serum and plasma obtained from a particular individual are
more similar than the proteomes of two diﬀerent individuals.17,19
Both the strong correlations between serum and plasma peak
levels and ANOVA suggest that the same might be observed for
the metabolome.
RSDs of the peak areas of the metabolites identiﬁed through
GC/TOF-MS were calculated separately for serum and plasma
data. Those metabolites with RSD values g100% are listed in
Table 1. These metabolites have the largest variation among
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Table 1. Metabolites Identiﬁed from GC/TOF-MS with a
Relative Standard Deviation (RSD) g 100% and with an
Abundance >1% of the Internal Standard
serum and plasma

serum only

plasma only

salicylic acid

tryptophan

R-hydroxybutyric acid

ribofuranose

serine

tyrosine

myo-inositol

galactose

phenol

leucine

erythritol and/or threitol
palmitoleic acid

malonic acid

valine
phenylalanine

Table 2. Metabolites Found To Have Diﬀerent Proﬁles
between Serum and Plasma When Identiﬁed from
GC/TOF-MS
Metabolites Found Only in Serum

Metabolites Found Only in Plasma

sulfate

2-methylsuccinic acid

dipropylacetic acid

R-hydroxybutyric acid

leucine

aspartic acid

serine

4-hydroxyproline

methionine

3-phenylpropanoic acid

arachidonic acid
R-glucopyranosiduronic acid

tyrosine
R-linolenic acid

citric acid

urea

cellobiose

citrulline

eicosanoic acid
Metabolites with Intensities
2 Greater in Serum
isoleucine

Metabolites with Intensities
2 Greater in Plasma
xylitol and/or ribitol

myo-inositol
Metabolites with Signiﬁcantly

Metabolites with Signiﬁcantly

Higher Peak Intensities in Serum

Higher Peak Intensities in Plasma

dehydromucic acid

hydroxyisovaleric acid

subjects, relative to the mean peak area, and will therefore more
clearly distinguish among subjects. Eight metabolites fall into this
category for both serum and plasma. Of those metabolites found
to have RSD g 100% only in serum, three have an RSD at least
1.5 times higher in serum than in plasma: tryptophan, galactose,
and malonic acid. Low concentration metabolites (those with a
peak area <1% of the internal standard) have been excluded from
Table 1 because these are likely to have large RSDs and may not
be a true reﬂection of the variation between subjects.
Table 2 lists the metabolites identiﬁed from GC/TOF-MS
that were either (i) observed only in serum or only in plasma
(after quality assurance procedures), (ii) had average peak intensities in serum and plasma which diﬀered by a factor of more than
2.0, or (iii) had statistically signiﬁcantly diﬀerent areas in serum
and plasma based on a 2-tailed t test (p e 0.05 after applying the
Bonferroni correction). The list of metabolites identiﬁed with
higher relative concentrations in either serum or plasma is
substantially diﬀerent from those in previous studies.35,48 The
most probable reasons are that (i) the previous studies have used
plasma with EDTA as the anticoagulant, whereas we used

Li heparin, and (ii) previous studies were performed on diﬀerent analytical platforms. Of the metabolites found only in serum,
of particular interest are leucine and serine, which also showed
substantial variation between subjects (i.e., RSD g 100%; see
Table 1). Of those metabolites found only in plasma, R-hydroxybutyric acid and tyrosine showed substantial variation among
subjects. No clear chemical or biological reason can be constructed to show why the diﬀerences occur. These metabolites
have diﬀerent physicochemical properties and are predominantly
(but not exclusively) involved in diﬀerent metabolic pathways.
For serum, mass-matching yielded 1784 (62%) putative identiﬁcations in UHPLC/MS+ and 1798 (73%) putative identiﬁcations in UHPLC/MS . For plasma, 1709 (55%) putative
identiﬁcations were made from UHPLC/MS+ and 1610 (71%)
putative identiﬁcations, from UHPLC/MS . Grouping features
into metabolite groups allows identiﬁcations to be made with a
greater level of conﬁdence than an identiﬁcation based on just
one metabolic feature. For serum, this method yielded 528
metabolite groups containing two or more metabolic features
from UHPLC/MS+ and 410 metabolite groups containing two
or more metabolic features from UHPLC/MS . The corresponding ﬁgures for plasma are 613 and 391, respectively. Of
these metabolite groups, putative identiﬁcations common to
every member of a metabolite group were obtained for serum
for 250 groups (47%) from UHPLC/MS+ and 219 groups
(53%) from UHPLC/MS . The corresponding ﬁgures for
plasma are 233 (38%) and 219 (56%), respectively. The overall
number of metabolites identiﬁed in serum and plasma, whether
identiﬁed using individual peaks or metabolite groups, are very
similar, and therefore, neither bioﬂuid shows any general advantage based on metabolite identiﬁcation capabilities. Overall, the
number of metabolite groups detected and identiﬁed via
UHPLC/MS is substantially higher than the number of metabolites detected and identiﬁed via GC/TOF-MS. For this reason,
in addition to the need to derivatize samples chemically prior to
GC/TOF-MS analysis, UHPLC/MS may be the preferred
analytical platform for some researchers. However, the two
platforms provide complementary assessments of metabolomes,
as has been described previously.40 GC/MS is limited to lowermolecular-weight metabolites that have suﬃciently low boiling
points (before or after chemical derivatization) to allow elution
through a GC column at elevated temperatures. These metabolites typically include amino and organic acids and mono-/
disaccharides, which are limited in the number of metabolites
in each class. The detection of metabolites by UHPLC/MS is not
limited by boiling point, and therefore, many more classes of
metabolites can be detected. These include a range of lipid
classes, each containing 10 1000s of metabolites per class when
isomers are included.
When considering speciﬁc metabolite groups, there are 117
metabolite groups containing three or more peaks that are
identiﬁed in either ESI or ESI+ only in one bioﬂuid (left-hand
bar of Figure 1A). However, for approximately half of these
metabolite groups, some or all of the constituent peaks are seen
in the complementary bioﬂuid at a diﬀerent retention time,
nearly all of the shifted features having longer retention times
in plasma, typically by 10 45s. The reason for the shift in RTs of
a small number of metabolites is unclear, though it is suspected to
be a result of a change in matrix components related to the
diﬀerent bioﬂuids. The diﬀerence is not a result of inadequate
column conditioning, as this is performed as part of the authors’
standard operating procedures.40 After removing the RT-shifted
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dx.doi.org/10.1021/ac2012224 |Anal. Chem. 2011, 83, 6689–6697

Analytical Chemistry

ARTICLE

Figure 2. (A) Chromatogram showing the presence of regularly spaced peaks in the RT range 5 8 min for plasma in UHPLC/MS-ESI+ arising from
heparin. (B D) Plots of the ﬁrst two z scores resulting from PCA on serum (blue squares) and plasma (red circles) in (B) UHPLC/MS-ESI , (C)
UHPLC/MS-ESI+, and (D) GC/TOF-MS. Points are labeled according to the subject number and the ﬂuid type; for example, S21 refers to the serum
sampled from subject 21 and P21 refers to the plasma sampled from subject 21.

metabolite groups, 35 metabolite groups are uniquely identiﬁed
in serum (19 in ESI+ and 16 in ESI ) and 21 in plasma (18 in
ESI+ and 3 in ESI ). Molecular formula identiﬁcation using
mass-matching yielded just three metabolites in serum (all in
ESI ) and three in plasma (2 in ESI+ and 1 in ESI ). Most of
the unmatched metabolites were multiply charged ions of large
molecules, which are not present in the MMD database used for
putative identiﬁcation. Of the identiﬁed metabolites, three were
identiﬁed in the complementary ﬂuid as a diﬀerent adduct with
the opposite charge. The only remaining metabolite uniquely
identiﬁed in serum (in ESI ) was putatively identiﬁed as thromboxane B2 (C20H34O6). Thromboxane B2 is produced during
the clotting process and our result conﬁrms recent ﬁndings that it
is present at much greater concentrations in serum than in
plasma.32 Two unidentiﬁed metabolites with putative molecular
formulas C16H29N2O14P and C24H28O9 were uniquely identiﬁed in plasma and not in serum (in ESI+).
For UHPLC/MS, it is noticeable that there are a large number
of features with RTs between 500 and 650s detected in serum
and not in plasma (see Figure S2A C of the Supporting
Information). One possible explanation for this is a matrix eﬀect.
It has been observed previously that Li heparin (which will be
expected to be present in the sample at millimolar concentrations)

can induce a matrix eﬀect resulting from the presence of Li+ or
heparin ions.25 In our data, chromatographic peaks are observed in
this RT range in plasma, but not in serum, as shown by the
chromatogram of Figure 2A. It is possible that these matrix species
have a suppressive eﬀect on other ions within this RT range. Although
we believe that this is an eﬀect of the anticoagulant (lithium or heparin
species or both), further investigations are planned to investigate this
observation and identify the chemicals involved, which may also
include polyethylene glycol and other chemical species.
Multivariate Analysis. Multivariate approaches dominate
metabolomics investigations, and their use here allows comparisons of the overall similarity of the serum and plasma metabolomes. Principal component analysis (PCA) was initially carried
out on just the peaks common to serum and plasma. To isolate
the discriminatory power of the two fluids, autoscaling of the data
was performed prior to PCA.49 When all of the serum and plasma
samples are autoscaled together, it is clear that serum and plasma
are easily separable by PCA (see SI Figure S4A C), particularly
from the UHPLC/MS data. An analysis of the loadings used
shows that the first PC is dominated by those peaks that display
large differences in intensity between serum and plasma (see SI).
However, we are more interested in the variability between
subjects because this is of paramount importance, potentially,
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for many clinical applications, including diagnosis, prognosis, and
prediction of treatment response or toxicity. To focus on the
differences between subjects, autoscaling was therefore performed separately on serum and plasma, removing the effect of
different average levels between the two fluids. The resulting
PCA plots are shown in Figure 2B D, where it is clear that serum
and plasma samples obtained from the same subject are substantially more similar to each other than they are to other subject
samples of the same fluid. A numerical measure of this similarity
was obtained by calculating Mantel correlations between the resulting z scores,50 including sufficient PCs to explain 75% of the variance
of the data (50% for GC/TOF-MS data). The resulting r values
were 0.72 for UHPLC/MS+, 0.88 for UHPLC/MS , and 0.55 for
GC/TOF-MS. A null distribution was generated using permutation
tests (n = 1 000 000). None of the permutations resulted in improved correlations, indicating p values below 1.0  10 6.
As reported above, a number of metabolic features were
detected in a single bioﬂuid only. A full comparison of the
abilities of the two bioﬂuids to discriminate among subjects can
only be obtained by considering all of the features found. PCA
was therefore separately carried out on all of the peaks obtained
from serum and all of those obtained from plasma. The Procrustes transformation51 53 was then performed to assess the
similarity of the clustering resulting from analyses of the two
ﬂuids. The resulting dissimilarity measures were low—0.32 for
UHPLC/MS+, 0.27 for UHPLC/MS , and 0.50 for GC/TOFMS—and permutation tests indicated that this is unlikely to have
occurred by chance, with p values below 1.0  10 6 for all three
techniques. Mantel correlations were calculated between the
serum data and the Procrustes-transformed plasma data as 0.68
for UHPLC/MS+, 0.78 for UHPLC/MS , and 0.53 for GC/
TOF-MS, and the corresponding p values were again <1.0 
10 6 for all three techniques. The results of the Procrustes
transformation indicate that serum and plasma samples from the
same subjects do, indeed, cluster in a very similar way and,
therefore, would be expected to provide very similar discriminatory information.
Correlations with Survival Times. Pearson correlation coefficients were separately calculated for each of the features with
the overall survival (OS) times of the subjects (in days) from the
date on which the blood sample was taken. To assess the validity
of these correlations, permutation tests were carried out using the
Westfall Young46 procedure to obtain p values adjusted for
multiple testing (n = 1000). None of the features identified
through any of the techniques was found to be significant at the
p = 0.05 level. However, UHPLC/MS and GC/TOF-MS yielded
some features identified from plasma with p values in the range
0.1 < p < 0.4. No such features were identified from serum, which
may indicate a lower robustness in sample preparation for serum
compared with plasma and higher intrasubject variability. Application of Westfall Young permutation to t tests to distinguish
between male and female patients yielded no features with p <
0.4, suggesting that the identified biomarkers of OS are more
distinctive than are potential gender biomarkers.
Two of the features from UHPLC/MS , belonging to the
same metabolite group, were identiﬁed from their molecular
masses as adducts of a compound with molecular formula
C42H82NO8P. A third feature had a m/z value indicative of the
molecular formula C44H86NO8P. Both compounds were putatively identiﬁed as glycerophosphatidylcholines (PC(34:1) and
PC(36:1), respectively) and had large negative correlation
coeﬃcients (≈ 0.6), implying that high concentrations of these
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metabolites are associated with shorter OS. This ﬁnding complements previous research, which has identiﬁed overexpression by
the ChoKR gene, an enzyme responsible for the generation of
phosphocholine (a precursor in PC synthesis), as a strong prognostic biomarker of OS for nonsmall cell lung cancer (NSCLC)
patients54 and of the presence of other cancers.55 57 The fourth
feature has been putatively identiﬁed as an adduct of glutamine or
isoglutamine (C5H10N2O3). This feature was positively correlated with OS, implying that low levels of glutamine are associated with earlier death and conﬁrming the previous identiﬁcation of glutamine depletion as one of the deleterious eﬀects
of cancer.58
For plasma analyzed with GC/TOF-MS, two of the four
features with p-values in the range 0.1 < p < 0.4 correspond to
creatinine, and the other two correspond to erythritol (or threitol, or
both) and hexadecanoic acid. All four have large negative
correlations with patient survival (≈-0.6), indicating that high
concentrations are associated with shorter survival times. Cancer
patients have a high prevalence of renal insuﬃciency,59 and it
seems possible that the high creatinine levels observed in patients
with short postsampling survival times are an indication of renal
disease,60 although independent enzymatic creatinine assays
indicate that none of the samples were from patients with chronic
kidney disease. Similarly, erythritol has been identiﬁed as a
biomarker of heart failure,61 which has also been shown to have
a strong impact on survival times as a comorbidity of lung
cancer.62 High levels of fatty acids, including hexadecanoic acid,
have been widely associated with the presence of cancer as a
result of the up-regulation of fatty acid synthase.63,64
Given the modest signiﬁcance levels observed, the list of
metabolites here identiﬁed as correlated with OS of lung cancer
patients should be treated with a degree of caution. However, the
published literature lends support to all of the identiﬁcations
made, and the possible assignment of these metabolites as prognostic biomarkers for SCLC patients should be the subject of
further study using larger sample sizes and ideally in diﬀerent
demographic groups. These results suggest that, with appropriate
study sizes, plasma potentially provides an improved capability to
statistically identify potential biomarkers of interest in the clinical
environment, compared with serum. However, further studies
are now warranted to validate these ﬁndings.

’ CONCLUSION
The primary aim of this study was to ascertain whether the
metabolome of serum or of plasma is the more appropriate
blood-based bioﬂuid to be applied in clinical metabolomic
studies; for example, to deﬁne potential biomarkers for application in the clinic. When considering the overall coverage of
metabolites by the two bioﬂuids, our main conclusion is that
neither ﬂuid is clearly superior to the other. The number of diﬀerent metabolites identiﬁed as present in each of the ﬂuids was
similar. More importantly, the variation among subjects was
found to be similar between serum and plasma for the majority
of metabolites. This ﬁnding is potentially of value, since it implies
that analyses carried out using one ﬂuid may be comparable with
those carried out on the alternative ﬂuid, facilitating the metabolic comparison of samples collected under diﬀering protocols.
Although the multivariate distributions of serum and plasma
metabolomes from a range of subjects have been found to be
similar, there are diﬀerences in the distributions of speciﬁc
metabolites. In particular, tryptophan, galactose, malonic acid,
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leucine, and serine showed more variation among subjects' serum
than in plasma. R-Hydroxybutyric acid and tyrosine showed
more variation among subjects' plasma than in serum. Further, a
number of metabolites were observed only in one ﬂuid. These
observations suggest that one or the other ﬂuid may be preferred
by investigators interested in the measurement or monitoring of
particular metabolites, because neither ﬂuid is the ideal medium
for measuring the entire blood metabolome. This has been
illustrated in this study in relation to SCLC patients, for whom
particular metabolites associated with worse survival times were
identiﬁed in plasma, but not in serum. These prognostic biomarkers are potentially of great value to clinicians when assessing
the balance between the possible beneﬁt and risk associated with
chemotherapy.
This study has assessed objectively the eﬃcacies of serum and
plasma purely through the evaluation of observed metabolite
levels using nontargeted proﬁling and their variation among
subjects. All data analysis methods indicate that the overall
discriminatory ability of the two bioﬂuids is equivalent. Thus,
the choice of which bioﬂuid to sample is still clinically, rather than
analytically, led. Other factors that individual investigators should
take into account during study design include:
• Whether proteomic analysis is also to be carried out on the
identical samples in systems biology/medicine studies. This
may favor the use of plasma rather than serum and may also
aﬀect the choice of anticoagulant, since anticoagulants are
likely to have diﬀerential eﬀects on metabolites and proteins.
• The environment in which the samples are collected. Due to
the inclusion of the clotting process, standardizing a collection procedure may be more diﬃcult when collecting serum
samples.
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