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ABSTRACT: Metabolic profiling is routinely performed on
multiple analytical platforms to increase the coverage of
detected metabolites, and it is often necessary to distribute
biological and clinical samples from a study between
instruments of the same type to share the workload between
different laboratories. The ability to combine metabolomics
data arising from different sources is therefore of great interest,
particularly for large-scale or long-term studies, where samples
must be analyzed in separate blocks. This is not a trivial task,
however, due to differing data structures, temporal variability,
and instrumental drift. In this study, we employed blood serum
and plasma samples collected from 29 subjects diagnosed with small cell lung cancer and analyzed each sample on two liquid
chromatography−mass spectrometry (LC-MS) platforms. We describe a method for mapping retention times and matching
metabolite features between platforms and approaches for fusing data acquired from both instruments. Calibration transfer
models were developed and shown to be successful at mapping the response of one LC-MS instrument to another (Procrustes
dissimilarity = 0.04; Mantel correlation = 0.95), allowing us to merge the data from different samples analyzed on different
instruments. Data fusion was assessed in a clinical context by comparing the correlation of each metabolite with subject survival
time in both the original and fused data sets: a simple autoscaling procedure (Pearson’s R = 0.99) was found to improve upon a
calibration transfer method based on partial least-squares regression (R = 0.94).

In metabolomics, liquid chromatography coupled to mass
spectrometry (LC-MS) is becoming a well-established

technique for targeted1,2 and untargeted studies3,4 and includes
the recent advanced techniques of ultraperformance LC
(UPLC) and ultrahigh performance LC (UHPLC).5 These
platforms provide appropriate levels of sensitivity (typically low
μmol/L limits of detection) and, via the use of different LC
stationary phases, the ability to detect metabolites with a wide
range of different physicochemical properties. Reversed phase
LC is applied to the study of hydrophobic metabolites,
including lipids,6 whereas hydrophilic interaction LC (HILIC)
is applied to the study of hydrophilic metabolites.7 However, in

metabolomics it is widely acknowledged that a single analytical
platform is unable to detect all of the metabolites in a biological
sample and it is therefore necessary to use multiple analytical
platforms to increase the coverage of detected metabolites.3

Other platforms commonly used for metabolomic studies
include gas chromatography coupled to MS (GC-MS)8 and
nuclear magnetic resonance (NMR) spectroscopy.9 The ability
to combine metabolomics data arising from different sources is
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therefore necessary, particularly for large-scale3,10 and long-
term studies,11 where 100−1000s of samples are collected and
analyzed in multiple analytical experiments (blocks), typically
spanning months or years. The integration of multiblock data
acquired on the same instrument is a challenge in itself due to
temporal variability, analytical drift, and, in the case of LC-MS,
changes in column chemistry or performance,12 although recent
methodological advances, including the use of quality control
(QC) samples, have enabled large-scale studies to be performed
with the integration of data from multiple analytical experi-
ments.3

Data fusion is the process of combining data from multiple
sources to achieve improved inferences than could be gained by
the use of a single data source alone.13 Three levels of fusion
have been defined, depending on the processing stage at which
combination occurs:14,15 low-level fusion may be regarded as
the simple concatenation of raw data matrices, which implies
that the data output from the various sources must share a
common structure; mid-level fusion is performed using features
extracted from each source following a suitable variable
selection procedure; high-level fusion occurs after each data
set has been modeled separately. Fusion of metabolite data
from different analytical approaches has been applied previously
to the metabolomic study of plants,16 microorganisms,17 and
human biofluids such as urine18 and blood plasma.19 A mid-
level approach has been reported for the fusion of
metabolomics and proteomics data for biomarker discovery in
the cerebrospinal fluid of rats,20 and applications within a
general systems biology framework have been evaluated.21,22

The fusion of quantitative data sets, such as those derived from
systems biology, is a simpler and more robust process than the
fusion of data from untargeted metabolomics studies where the
data are not quantitative and the number of variables can be
significantly higher.
Examples of metabolomics data fusion reported in the

literature have largely been concerned with combining data for
(1) the same samples, but from different analytical platforms
such as LC-MS and GC-MS,17 or (2) different samples
measured on the same instrument, but separated by batch and
time.3,18,19 One study compared the metabolite profiles of a set
of samples by coupling a single UPLC separation to two
different types of mass spectrometer;23 however, we are not
aware of any previous studies that have investigated the
metabolomic analysis of a common set of samples on two
entirely separate UPLC-MS platforms. In metabolomics studies
the fusion of data from different instruments is advantageous,
allowing the transfer of a study from one instrument to another
in the event of instrument failure or down-time. In large-scale
studies requiring data acquisition over many months or years,
study times can be reduced through data acquisition on
multiple instruments and subsequent data fusion.
Calibration transfer is the process of creating a model to

compensate for differences in data collected for the same
samples on two or more different instruments, or on the same
instrument at different time-points. The model, commonly
based on a multivariate method such as partial least-squares
regression or principal components regression,24 can then be
used to eliminate or reduce the variation in response observed
between instruments. Multivariate standardization techniques
such as direct standardization and reverse standardization (and
their piecewise variants) use a set of (transfer) samples
analyzed on both instruments to transform the response from
one instrument to the other,25 with the general idea that a

‘master’ instrument is used to collect most of the data in a
database and then ‘slave’ instruments collect new data that after
calibration transfer are matched against the master database.
This has some similarities with using a set of pooled quality
control (QC) samples to correct for intra- and interbatch drift,
which has currently only been applied to data acquired on a
single instrument.3,26 Non-standardization methods are useful
when a set of transfer samples is not available24 and tackle the
issue of calibration transfer through the use of data
preprocessing methods such as local autoscaling.18 Calibration
transfer methods are commonly used in near-infrared
spectrometry27,28 and have also been applied to pyrolysis
mass spectrometry,29,30 but to date they have not found
common usage in transferring the response from one LC-MS
instrument to another.
In this study, we performed metabolite profiling on serum

and plasma samples collected from 29 subjects diagnosed with
small cell lung cancer. Each sample was analyzed on two
separate UPLC-MS platforms. The aim of the study was to
compare the response matrices from the two platforms, and
then transform them so that the data from both instruments
could be integrated or fused. This was achieved by developing
(1) a method for mapping retention times for different reversed
phase LC methods and matching metabolite features between
different mass spectrometers of the same type and
manufacturer, (2) a low-level fusion approach for combining
the raw data for metabolite feature grouping and identification,
and (3) a mid-level approach for fusing subsets of matched
features for subsequent use in both standardization and non-
standardization calibration transfer models. The success of the
models at transforming and fusing these data is assessed by
multivariate cluster analysis methods, namely, Procrustes
analysis31 and the Mantel test.32 Procrustes analysis is a
method for analyzing the distribution of two shapes or sets of
points (or, in the present study, sets of samples located in
multivariate space). One “shape” undergoes a linear trans-
formation (incorporating translation, scaling, and rotation
components) so that it resembles the target shape as closely
as possible. The resulting goodness-of-fit value, the Procrustes
dissimilarity, ranges between 0 and 1 and gives an indication of
how similar the original shapes are (a value of 0 means that the
shapes are identical; values close to 1 indicate that the shapes
are very dissimilar). The Mantel test yields the correlation
between two pairwise distance matrices. In the present study,
this corresponds to the multivariate distances between matched
sample pairs analyzed on two different instruments, before and
after calibration transfer. These methods are particularly useful
for assessing the similarity between identical samples analyzed
on different analytical platforms or between different sample
types (e.g., serum and plasma) taken from the same subject. We
also assess the calibration transfer models in relation to their
predicted correlations of metabolite levels with subject survival
time. Moreover, we demonstrate the advantages to be gained
from combining metabolomics data from multiple sources as
applied to clinical samples.

■ EXPERIMENTAL SECTION
Sample Collection, Storage, and Selection. Blood

samples from patients (prior to undergoing treatment with
standard chemotherapy) at The Christie Hospital, Manchester,
were collected, processed, logged, tracked, and stored according
to standard operating procedures and Good Clinical Laboratory
Practice standards. Patients gave written, informed consent to
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ethically approved protocols. Blood was collected in either
Monovette serum gel tubes (for processing to serum) or in
Monovette Li-heparin tubes (for processing to plasma). Serum
samples were left to clot for up to 120 min at room temperature
(ca. 22 °C), centrifuged at 2000g for 10 min, and then stored at
−80 °C. Plasma samples were stored at room temperature and
were processed within 120 min of collection by centrifuging at
1000g for 10 min followed by storage at −80 °C. All samples
were transported and stored using appropriate health and safety
protocols3 to eliminate or reduce risks associated with handling
human blood products.
Materials. All chemicals used were of analytical reagent

(AR) or a higher purity grade. HPLC grade methanol and water
were purchased from Sigma-Aldrich (Gillingham, U.K.). Formic
acid (BDH Aristar 1) was purchased from VWR International
(East Grinstead, U.K.).
Extraction of Metabolites from Plasma and Serum.

Metabolite extraction from serum and plasma was based upon
methanolic deproteinization.33 Extraction involved thawing
samples on ice, transferring 400 μL aliquots to 2 mL
microcentrifuge tubes (Eppendorf, Cambridge, U.K.) and
adding 1200 μL of methanol (room temperature), followed
by vortex mixing for 15 s and centrifugation at 13363g for 15
min. Four aliquots of the supernatant (each of volume 370 μL)
were transferred to separate 2 mL microcentrifuge tubes and
were lyophilized by speed vacuum concentration at 45 °C for
16 h (HETO VR MAXI vacuum centrifuge attached to a
Thermo Svart RVT 4104 refrigerated vapor trap; Thermo Life
Sciences, Basingstoke, U.K.) and stored at −80 °C prior to
analysis. Pooled quality control (QC) samples were prepared
by combining 100 μL aliquots from each subject sample and
extracting as described above. QC samples were prepared
separately for serum and plasma.
UPLC-MS Analysis. The extracted samples were recon-

stituted in 90 μL of water, vortex mixed, and centrifuged for 15
min at 13363g. Each supernatant was transferred to a single
analytical vial with 200 μL fixed insert, stored in the
autosampler at 5 °C, and analyzed within 48 h of
reconstitution. All of the reconstituted samples were analyzed
on two separate UPLC-MS instruments:
Instrument A was an Acquity UPLC system (Waters, Elstree,

U.K.) coupled to a hybrid LTQ-Orbitrap XL mass
spectrometer (ThermoFisher, Bremen, Germany) operating
in electrospray ionization (ESI) mode. UPLC separations were
performed using an Acquity UPLC BEH C18, 2.1 × 100 mm,
1.7 μm column (Waters, Elstree, U.K.), and a nonlinear water−
methanol gradient as follows: ESI+ (Waters curve 5) 100%
solvent A (water and 0.1% formic acid) held for 1 min, 0−100%
solvent B (methanol and 0.1% formic acid) over 15 min, 100%
B held for 4 min, returning to 100% A over 2 min (total run
time of 22 min); ESI− (Waters curve 4) 100% A held for 2
min, 0−100% B over 15 min, 100% B held for 5 min, returning
to 100% A over 2 min (total run time of 24 min).
Instrument B was an Accela UPLC system (ThermoScien-

tific, Hemel Hempstead, U.K.) coupled to a second hybrid
LTQ-Orbitrap XL mass spectrometer (ThermoFisher, Bremen,
Germany) operating in ESI mode. UPLC separations were
performed using a Hypersil GOLD C18, 2.1 × 100 mm, 1.9 μm
column (FisherScientific, Loughborough, U.K.), and a linear
water−methanol gradient as follows: ESI+ 100% A held for 1
min, 0−100% B over 11 min, 100% B held for 8 min, returning
to 100% A over 2 min (total run time of 22 min); ESI− 100% A

held for 1 min, 0−100% B over 16 min, 100% B held for 5 min,
returning to 100% A over 2 min (total run time of 24 min).
Both UPLC systems operated at a flow rate of 360 μL min−1

in ESI+ mode and 400 μL min−1 in ESI− mode, and the
columns were maintained at a temperature of 50 °C. Prior to
the first analytical batch, new UPLC columns were conditioned
for 40 min under the same initial gradient conditions applied to
sample analysis. A sample injection volume of 10 μL was
employed in wasteless mode. Both LTQ-Orbitrap XL MS
systems were controlled under Xcalibur software (Thermo-
Fisher Ltd. Hemel Hempstead, U.K) and were tuned to
optimize conditions for the detection of ions in the m/z range
50−1000 (tuning parameters are shown in the SI, Table S-1).
They were calibrated in both ESI polarities using the
manufacturer’s predefined methods and recommended calibra-
tion mixture, consisting of caffeine, sodium dodecyl sulfate,
sodium taurocholate, the tetrapeptide MRFA, and Ultramark
1621. Data were acquired, without lock mass recalibration, in
the Orbitrap mass analyzers operating at a mass resolution of
30000 (FWHM defined at m/z 400) and a scan speed of 0.4 s.
Prior to each analytical batch, 10 (instrument A) or 20
(instrument B) injections of QC sample were performed for
column conditioning. The QCs were then analyzed every sixth
injection throughout each batch for use in subsequent
intrabatch signal correction and the removal of poor quality
peaks. Between analytical batches, the ESI ion tube and spray
deflector were cleaned using methanol acidified with 0.1%
formic acid and ultrasonication for 15 min. Serum and plasma
samples were analyzed in separate analytical batches, in both
ESI+ and ESI− modes, each randomized according to the
available metadata on gender, body mass index, and disease
severity (i.e., the number of days of survival after sample
collection). The same analysis order was used for both
instrument A and instrument B. The total number of analyses
on each instrument, including QC samples and technical
replicates, was 52 for each biofluid/ionization combination (SI,
Table S-2).

Data Processing. The raw UPLC-MS data profiles were
first converted into NetCDF format within the Xcalibur
software’s file converter program. The data for each analytical
batch were then deconvolved separately using XCMS,34 as
described previously,35 resulting in a matrix of metabolite
features (with accurate m/z and retention time) and related
peak area for each sample. Signal correction and quality control
were performed, separately for each data set, using a previously
reported method.3,11 Peaks were aligned by fitting to a low-
order, nonlinear locally weighted spline (LOESS). All peaks
were then removed for which more than 40% of the QCs
(excluding conditioning QCs) were either missing or had an
area that differed from the mean area by >20%.

Matching of Metabolite Features between UPLC-MS
Platforms. The retention times for each biofluid/ionization
combination were mapped between instruments by (1)
identifying features that had a m/z difference of <0.01 and
correlation coefficient >0.5, (2) constructing a scatter plot of
the retention times for these features (instrument A vs
instrument B) and manually discarding any outliers from the
resulting curve, (3) applying a linear interpolation algorithm to
generate a piecewise polynomial form of the curve, and (4)
evaluating the piecewise polynomial for the full set of retention
times for instrument B (SI, Script S-1). Metabolite features
were then matched between instruments by identifying those
that had a m/z difference of <0.01 and a mapped retention time
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difference of <10 s, as used previously for serum/plasma
comparisons.33

Metabolite Identification. Putative annotation of metab-
olite features was performed by applying the PUTMEDID-
LCMS set of workflows36 to the fused set of raw, mapped
features from both instruments, using a mass accuracy window
of 5 ppm. Metabolite feature groups were constructed using a
retention time window of 5 s, a correlation coefficient of ≥0.9,
and mass differences corresponding to isotopes, adducts, and
other common artifacts as described previously.37

Chemometric Methods. Two-way analysis of variance
(ANOVA) was performed on samples analyzed in triplicate to
assess the relative contributions of the instrument and subject
identity to the variation in observed signal for each metabolite
feature. Principal components analysis (PCA) was performed
on the features matched between instruments to assess the
multivariate influence of the instrument and subject identity.
Calibration transfer was performed by building partial least-

squares regression (PLS-R) models using between 3 and 26
contiguous samples analyzed on both instruments (transfer
samples, Acal and Bcal) and between 2 and 10 PLS components
(SI, Script S-2). Each model was validated using the final 26
samples analyzed on both instruments (Aval and Bval), and the
root mean squared error of validation (RMSEV) was used to
select the optimal model. The selected model was then tested
on the remaining samples not used for calibration or validation
(Atest and Btest), and its predictive power was assessed by two
multivariate pattern comparison measurements: the Procrustes
dissimilarity31,38 and the Mantel correlation.32 The PLS-R
model was also assessed within a clinical context by calculating
correlation coefficients between the area of each metabolite
feature (across subjects) and the survival times of the subjects
for (1) the full, original sample set B, and (2) the PLS-fitted
Btest samples fused with the original Bcal and Bval samples. These
two sets of correlations were then compared to assess the
effectiveness of merging data from two instruments.
All data analysis was performed in MATLAB version R2010a

(The MathWorks, Inc.). Figure 1 shows a flowchart of the steps
involved in data processing, calibration transfer, and data fusion.

■ RESULTS AND DISCUSSION
Comparison of Metabolite Features. Following data

deconvolution, the number of features detected by instrument
A for serum (ESI+), serum (ESI−), plasma (ESI+), and plasma
(ESI−) were 5282, 3479, 6321, and 2822, respectively. For
instrument B, the corresponding figures were 3152, 2689, 3406,
and 2433. As can be seen, more features were detected in
plasma than in serum in ESI+ for both instruments, and more
features were detected in serum in ESI−; the compositional
differences between plasma and serum have been discussed
previously.33 Considerably more features were detected by
instrument A than instrument B, ranging from 16% more for
plasma ESI− to 86% more for plasma ESI+. Figure 2 shows
that the m/z distribution profiles are similar for the two
instruments at lower m/z values (∼50−500), with the
additional metabolite features for instrument A being observed
at higher m/z (>600). These data suggest that instrument A
detects higher molecular weight lipid-based metabolites with a
higher sensitivity than instrument B under the operating
conditions employed. Subsequent QC test runs and con-
sultation with the instrument manufacturer suggest that the lack
of higher m/z ions detected by instrument B may be due to its
operating with a version of the mass spectrometer’s C-trap

software different to that used by instrument A. Figures S-1A,B
show that by adjusting the lower end of the scan range of
instrument B, considerably more ions are detected at higher
m/z. In general, differences in feature numbers such as these
could also be a result of (1) tuning parameter differences
(Table S-1), (2) applying different UPLC systems, (3) operator
differences, (4) suboptimal XCMS parameter settings, or (5)
the formation of dimers (which is dependent on instrument
settings,19 however, our identification procedures suggest that,
in the present study, these additional features are not dimers).
These results demonstrate how the metabolite profile for
identical samples can vary dramatically due to the instrument

Figure 1. Flowchart of the steps involved in data processing,
calibration transfer and fusion (figures in parentheses refer to scripts
in the SI).
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configuration and parameters used, which can present
difficulties in fusing data sets from different instruments.
Technical Reproducibility. The technical reproducibility

of the data acquired from each instrument was assessed by (1)

calculating the pairwise Pearson correlation coefficients
between the analytical triplicates for each of six samples and
(2) calculating the relative standard deviation (RSD) for each
metabolite feature for each set of replicates. Reproducibility was

Figure 2. Distribution of features (m/z) detected by instruments A and B in (A) plasma ESI−, (B) serum ESI−, (C) plasma ESI+, and (D) serum
ESI+.

Figure 3. Retention times for features matched between instrument A and instrument B (plasma ESI−) before (blue crosses) and after (red circles,
R2 > 0.99) retention time mapping.
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high and virtually identical between instruments; averaged
across all biofluid/ionization combinations, the pairwise
correlation between replicates was >0.99 for both instruments,
and the median (lower quartile, upper quartile) RSD was 6%
(3%, 10%) for instrument A and 6% (4%, 10%) for instrument
B.
Matching of Metabolite Features between Data Sets.

Following quality control procedures3 (which removed
between 5 and 10% of the deconvolved features), the numbers
of metabolite features matched between instruments for serum
(ESI+), serum (ESI−), plasma (ESI+) and plasma (ESI−) were
1755, 1261, 1851, and 1100, respectively. This represents
between 49% (plasma ESI−) and 61% (serum ESI+) of the
features, after QC, detected by instrument B. The inability to
match other features is a result of (1) the strict retention time
matching criterion employed (mapped RT difference <10 s),
(2) the different sensitivities of the two instruments, and (3)
the formation of different ion types for the same metabolite on
different instruments. Figure 3 shows a plot of the retention
times of the matched features measured for plasma (ESI−) on
instrument A versus instrument B, before and after retention
time mapping. This shows that the retention times for matched
features differ by up to 400 s between the two instruments; for
example, features with retention times ∼600 s on instrument A
have retention times ∼1000 s on instrument B. These
differences in retention times are due to the two instruments
using different elution gradients (linear vs nonlinear), different
UPLC columns and having different system dead volumes. The
retention time profiles for the matched metabolite features were
identical for serum and plasma, but differed between ionization
polarity due to the different gradient elution programs used for
ESI+ and ESI−, as shown in the SI (Figure S-2). Mapping the
retention times from instrument B to instrument A resulted in a
linear profile across the entire LC separation. Mapping the
retention times in this way allowed us to exploit the difference
in sensitivities observed across the m/z range for the two
instruments by merging the two UPLC-MS data sets to create a
single data set with greater metabolite coverage than either data
set alone. Figure S-3 shows that, despite employing a m/z
tolerance of <0.01 for matching features between instruments,
88% of the total matched features differed by a m/z of <5 ppm
(corresponding to an absolute error of 0.00025 at m/z 50, and
0.005 at m/z 1000). These low mass errors provide confidence
that the features identified by our matching procedures do
correspond to the same ions.
During the metabolite identification workflows, some of the

unmatched metabolite features from each data set were found
to complement each other and assisted in reducing the number
of false putative annotations by eliminating inaccurate matching
of peaks.36 For example, the H+ and Na+ adducts of
indoleacetic acid were detected by both instruments, but 13C
isotope peaks of these adducts were unique to each instrument
(MH+ isotope detected on A only; MNa+ isotope detected on B
only). Our feature matching and identification procedures
ensured that all of these metabolite features were grouped
together, thus increasing our confidence in the identification of
the parent molecular ion and preventing, in this example, the
isotopes being falsely identified as other metabolites. These
data show that different ion types (or the same ion types at
different relative ratios) can be created in identical instruments
from the same manufacturer.
Multivariate Analysis of Matched Metabolite Fea-

tures. PCA was performed on the metabolite features matched

between instruments following normalization to total peak area
and with (1) A and B samples autoscaled39 together and (2) A
and B samples autoscaled separately. The resulting scores plots
for plasma ESI− (Figure S-4A) show that the A and B samples
are clearly separated by the first principal component when
they are combined before autoscaling. However, when they are
combined af ter separate autoscaling, there is considerable
intersubject variability, yet the samples from the same subject
are more similar to each other than they are to other subject
samples analyzed on the same instrument. This demonstrates
the need for transforming one or both of the data sets before
fusion in order to remove the instrument-specific variation.
This multivariate similarity was measured numerically by

calculating (1) the Mantel correlation coefficient and (2) the
Procrustes dissimilarity, d, between the scores from sufficient
PCs to explain 75% of the variance of the separately autoscaled,
then combined, data sets from both instruments. The resulting
correlations were >0.9, and values of d were <0.1 for all
biofluid/ionization combinations (PCA scores plots shown in
Figures S-4A−D). These high correlations and low values of d
confirm that the subject samples cluster in a very similar way
between instruments, and show that the analytical (interinstru-
ment) variation is very low in comparison to the biological
(intersubject) variation when the data sets are preprocessed
separately prior to PCA.
PCA was also performed on the full set of metabolite

features, separately for each instrument, following normal-
ization and autoscaling. The resulting Mantel correlations for
these PCA-reduced data sets were all >0.8 and the Procrustes d
values were all <0.2. These values are only slightly poorer than
those obtained for the matched metabolite features and indicate
that there is a very good correlation between the full data
matrices arising from the two instruments, despite the large
difference in the number of features detected by each one.

Univariate Analysis of Matched Metabolite Features.
ANOVA was performed on six samples that were analyzed in
triplicate on both instruments for each biofluid/ionization
combination. Averaged across all matched metabolite features
and across all biofluid/ionization combinations, the percentage
variance explained by the subject identity, the instrument, and
the interaction effect (subject × instrument) was 81.1%
(±1.1%), 1.2% (±0.2%), and 8.9% (±0.9%), respectively.
The remaining 8.8% (±0.6%) variance was attributed to
technical variance. These figures indicate that the subject
identity has a much greater influence than the instrument and
interaction effect on the variation observed for each metabolite
feature and support the evidence from the multivariate analysis
that the choice of instrument does not affect the ability to
discriminate between subjects.

Calibration Transfer. One objective of this study was to
compare the data acquired on two UPLC-MS instruments for
the same set of samples. A second objective was to integrate or
fuse different subsets of the data from each instrument. This
scenario is representative of an intra- or interlaboratory
experiment, in which the analysis of samples from the same
study must be distributed across multiple instruments. To
combine the resulting data, one must first use a method to
transform one or more of the data sets to remove any analytical
or instrument-specific variation, while retaining the important
biological variation. In this study we used a multivariate
calibration transfer method known as reverse standardization,28

in which the response from instrument A (the primary
instrument) was transformed to resemble that from instrument
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B (the secondary instrument), using PLS-R as a calibration
method. This requires a common set of transfer samples to be
analyzed on both instruments. The selection of transfer samples
is usually determined after data acquisition, using tools such as
the Kennard-Stone algorithm,40 which identifies samples that
are representative of the entire data space (QCs would be of
limited use as transfer samples because they are not fully
representative of the biological variation observed). However,
in this study we wished to constrain our transfer set to be a
contiguous block of samples located at the midpoint of the
analytical batch so that we could preserve our randomized run
order and mimic an experimental situation in which the
samples were divided almost equally between two instruments.
Using correlation as a variable selection criterion for the PLS-R
model,41 the 500 most correlated features matched between the
two instruments were used to determine the required number
of transfer samples. The RMSEV curve was observed to reach a
local minimum at 15 transfer samples (using 10 PLS
components) for the majority of the biofluid/ionization
combinations (SI, Figures S-5A−D); these model parameters
were used for the prediction of the 11 remaining test samples,
Btest from Atest. A schematic of the samples used for calibration
transfer is shown in Figure 4.

Four separate PCA models were constructed for each
biofluid/ionization combination to assess the predictive
power of the PLS model: (1) PCA of the 52 original A
samples and the 52 original B samples, (2) PCA of the 52
original A samples and the 52 PLS-fitted B samples, (3) PCA of
Atest, Acal, Bcal, and Bval (shaded samples in Figure 4), with the
original Btest samples projected onto the model, (4) PCA of
Atest, Acal, Bcal, and Bval, with the PLS-fitted Btest samples
projected onto the model. The A and B samples of each model
were normalized and autoscaled separately prior to PCA. The
resulting PCA scores plots for plasma (ESI+) show that the
original A/B sample pairs lie very close together (Figure 5A)
and, therefore, have a low Procrustes dissimilarity (d = 0.005).
The PLS-fitted B samples lie slightly further away from their
original A sample pairs (Figure 5B) but are still very close (d =
0.018). The Mantel correlation between the A/B distance
matrices (using 2 PCs) of these two models is 0.96, indicating
that the PLS-R model is successful at predicting instrument B’s
response to the test samples. However, these two PCA models
take into account all of the 52 samples analyzed on both
instruments. In our mock scenario, we would only have samples
Atest, Acal, Bcal, and Bval (PCA training set; shaded in Figure 4) to
input to our PCA model, so a more realistic assessment of the
PLS-R model’s performance is achieved by using the training
set’s loadings to project the test samples onto the PCA model.

Figure 5C shows that the projected original Btest samples have a
very similar multivariate pattern to the Atest samples and, as
such, have a low Procrustes dissimilarity (d = 0.008). The
projected PLS-fitted Btest samples (Figure 5D) have a slightly
different pattern compared to the Atest samples but are still very
similar and have a low Procrustes value (d = 0.041). The
Mantel correlation between the A/B distance matrices (using
two PCs) of these two models is 0.95, indicating that
instrument B’s predicted response for the test samples is still
good, from a multivariate perspective, when a reduced sample
set is used for the PCA.
Similar results were obtained for the calibration transfer of

the plasma (ESI−), serum (ESI+), and serum (ESI−) data sets
using the 500 most correlated features. The PCA plots are
shown in the SI (Figures S-6−8) and the corresponding
Procrustes dissimilarities and Mantel correlations are summar-
ized in Table S-3. Calibration transfer was also assessed for the
full set of features for each biofluid/ionization combination. It
is clear that when more variables are included in the PLS-R
model, the A/B samples cluster slightly differently (SI, Figures
S-9−12). However, the multivariate patterns are still similar
(Table S-3), with the lowest Mantel correlation (0.75) and
highest Procrustes d (0.141) being observed for serum (ESI−).

Data Fusion Applied to Clinical Study. The success of
the calibration transfer model’s predictive ability was also
assessed in a clinical context. As it is not possible to accurately
quantify every metabolite detected in an untargeted metab-
olomics analysis (as it is impractical to prepare calibration
curves for 100−1000s of metabolites), we used a surrogate,
univariate measurement, the correlation of each feature with
subject survival time, to assess the impact of fusing subsets of
the data sets from each instrument. The correlation of each
feature from the full original B data set with survival time was
calculated, and this was then repeated for the same data set but
with the Btest samples replaced with those predicted by PLS-R.
For plasma (ESI+), the Pearson correlation coefficient between
these two sets of correlations was 0.94. The Spearman
correlation, which allows us to assess the rank of each peak’s
correlation with survival time, was 0.93 for plasma (ESI+).
These results suggest that the correlations with survival time
were not greatly affected by replacing 21% of the samples with
PLS-fitted samples and that the same clinical conclusions could
be drawn based on these data. However, it was noted in the
calibration transfer that the original Btest samples were always
more similar to the corresponding Atest samples than were the
PLS-fitted Btest samples (Figure 5 and Table S-3). As a result,
we performed the same survival time correlation analysis, but
with the Btest samples replaced by the autoscaled Atest samples.
The resulting Pearson and Spearman correlations between this
fused data set and the original B data set were both 0.99 for
plasma (ESI+), indicating that a simple autoscaling procedure
was sufficient to transform subsets from the two original data
sets in order to fuse them successfully. As an additional measure
of success, the 10 features most correlated with survival time
were compared between the fused and original data sets, of
which 9 were matched. The autoscaling method of trans-
formation was extended to fuse the first half of the A data set
with the second half of the B data set (26 samples in each, with
no overlap); the resulting Pearson and Spearman correlations
between the original and fused data sets were 0.96 and 0.95,
respectively, for plasma (ESI+), and 9 of the 10 features most
correlated with survival time were matched. These correlations
are better than those obtained for the PLS-R transfer model,

Figure 4. Schematic of samples used for calibration transfer. The
shaded area shows the samples available in our experimental scenario,
and used for PCA training (test, cal, and val refer to the samples used for
testing, calibrating and validating the PLS-R model, respectively).
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and the transformation is much simpler to implement, requiring
no common transfer samples to be analyzed on both
instruments. Similar results were obtained for plasma (ESI−),
serum (ESI+), and serum (ESI−) and are summarized in the SI
(Tables S-4 and S-5).
While the reporting of significant biomarkers of cancer is not

the primary concern of this paperthe novelty lies in the data
fusion methods we have developed for untargeted metab-
olomicsseveral putatively identified features were found to
have modest correlations with survival time. Urea (−0.48),
bilirubin (−0.52), and 3-hydroxybutanoic acid (−0.53) were
found to be negatively correlated with survival time, suggesting
that elevated levels of these metabolites are found in the blood
of subjects with a poorer prognosis. These metabolites have
long been associated with disease: urea with renal failure,42

bilirubin with liver disorders,43 and 3-hydroxybutanoic acid
with diabetes.44 Although these data are preliminary and need
to be validated in a larger cohort study, of potential interest is
the elevation of the ketone body 3-hydroxybutanoic acid.
Recent data suggest a reverse Warburg effect, whereby stromal
(support) cells in a tumor provide sustenance to the cancer
cells for aerobic respiration.45 This compound may afford such
an opportunity. As such, the poorer prognosis seen with higher
levels may be indicative of a richer nutrient environment for the
cancer cells or, alternatively (because the cancer cells provoke
the stromal cells to produce this type of metabolite), a greater
tumor burden to influence the stroma.

■ CONCLUSIONS

Methods of integrating or fusing metabolomic data sets
acquired on different UPLC-MS platforms have been evaluated.
Retention time mapping and metabolite feature matching

allowed the low-level fusion of data for subsequent metabolite
identification, and the metabolite features unique to each
instrument were found to complement one another by
providing a greater metabolome coverage and reducing the
number of false putative annotations. The reverse stand-
ardization procedure achieved favorable results in transferring
the response of one instrument to the other; however, this
required >25% of the samples to be analyzed on both
instruments. A method of local data preprocessing, namely,
autoscaling each instrument’s data separately prior to mid-level
fusion, was found to improve upon the predictive power of the
calibration transfer procedure. This scaling procedure removes
intra- and interinstrumental variations in response and is useful
in situations where it is not possible or practical to analyze a set
of transfer samples (although, in practice, it may be prudent to
analyze a common set of QCs or reference standards in order
to validate the procedure; these should be representative of, or
compositionally similar to, the samples being analyzed). The
ability to fuse data in this way is of great importance to large-
scale metabolomic studies where there are too many samples to
analyze in a single batch or where the analysis must be
distributed between multiple instruments and laboratories. It
may also find an application in combining data from clinical
studies where, typically, smaller sample sets are collected and
analyzed at different time-points, some of which can be many
years apart. This would allow issues associated with sample
instability during storage to be minimized and could assist with
the generation of long-term metabolomics databases. This
study has only dealt with metabolomics data; however, it is
anticipated that a mid- or high-level fusion procedure could be
used to integrate these data with proteomics data measured on
the same samples and allow their investigation through a

Figure 5. Scores plots for the test samples (plasma ESI+) from PCA of (A) all original A samples and all original B samples, (B) all original A
samples and all PLS-fitted B samples, (C) Atest, Acal, Bcal, and Bval, with the original Btest samples projected, and (D) Atest, Acal, Bcal, and Bval, with the
PLS-fitted Btest samples projected.
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systems biology approach. In this study, our objective was to
employ well-established or “classical” methods of calibration
transfer and apply them, for the first time, to metabolomics data
sets acquired on multiple LC-MS instruments. However, there
is also scope for the investigation of more recently developed
methods of interplatform data integration. Methods such as
cross-platform normalization (XPN)46 and distance weighted
discrimination (DWD)47 have been compared and evaluated in
the context of combining gene expression data sets derived
from multiple microarray platforms.48 While these methods are
generally effective and may be applicable to metabolomics data
sets, they may not be appropriate in all cases of data fusion; a
separate study using cancer microarray data sets found that
these more advanced and complex methods were often
outperformed by simple local data preprocessing methods
such as autoscaling and batch mean-centering.49 In the interest
of developing parsimonious models for multivariate data, such
simplicity is an important consideration.50
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